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Abstract
The government of Ontario initiated primary care reform in the early 2000s, leading
to a shift away from the traditional fee-for-service (FFS) physician remuneration to
incentive-based blended remuneration models. Research on the association between
change in physician remuneration and patients’ health status is unknown. The objectives of this thesis are to (i) construct a statistical model to predict the Health Utility
Index 3 (HUI3) values for all non-institutionalized Ontario residents, and (ii) study
the association between the change in physician remuneration models and patients’
health status measured by HUI3. The data came from the Canadian Community
Health Survey (CCHS) 2000-2001 and 2009-2010 linked with Ontario health administrative data in the corresponding fiscal years from ICES. To study objective (i),
four types of statistical models were compared, and the two-part beta mixture model
was found to perform the best. Given that only a few datasets contain preferencebased measures to construct HRQOL, the model-based prediction for the HUI3 is
an important step towards predicting HUI3 values in population-based health administrative data. For objective (ii), the associations between predicted HUI3 values
and change in physician remuneration were analyzed using the first-difference estimator with clustered patient data within physicians. After adjusting for all potential
confounders, change in physician remuneration from the traditional FFS to blended
remuneration is associated with higher HUI3 values and gain in quality-adjusted life
years (QALYs). The main policy implication is that the introduction of primary care
reform is associated with improved health status of patients.

Keywords: HUI3; Model-based prediction; Two-part beta mixture model; primary care physician remuneration model; FFS; Blended remuneration models.

ii

Summary for Lay Audience
The government of Ontario initiated primary care reform in the early 2000s, with
one of the key policy initiatives being the introduction of new primary care physician
payment models. Although previous research has studied how physicians respond to
this policy change, there has been no study on the impact on patients’ health status.
In this thesis, the impact was quantified by studying the relationship between change
in physician payment models and patients’ health status. Since only a few datasets
contain health utility data, I first constructed and validated statistical models to predict health status for everyone in Ontario. Second, I studied the association between
change in physician payment models and the predicted health status controlling for
all potential confounders. I found that, with reasonable prediction accuracy, patients’
predicted health status increased as their physicians change from the traditional feefor-service payment model to new models. The findings of this thesis will inform
policy makers in Ontario and across Canada that the introduction of primary care
reform is associated with improved patients’ health status.
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Chapter 1
INTRODUCTION

This chapter aims to present the important concepts and terminologies that will be
discussed throughout this thesis. Section 1.1 introduces the concept of health-related
quality of life (HRQOL), the measures of HRQOL commonly used, and the development of the Health Utility Index Mark 3 (HUI3) system. Section 1.2 discusses the
primary care physician (PCP) remuneration models, including the traditional models
before the introduction of Ontario primary care reform and the blended remuneration
models implemented during the reform. Section 1.3 states the primary data sources,
followed by the research objectives outlined in Section 1.4. Section 1.5 explains the
extent that this thesis project can help policy makers to understand the impact of
primary care reform on improvements in population health, followed by Section 1.6
outlining the structure of the rest of the thesis.

1.1

Health-related Quality of Life

Quality of life (QOL) is an individual’s perception of his/her own state of life, accounting for his/her cultural background and values, in terms of expectations, interests,
and achievements (Tonon, 2015). The World Health Organization (WHO) (1948)
defines health as “a state of complete physical and mental and social well-being, and
not merely the absence of disease or infirmity”. Following WHO’s definition of health,
HRQOL measures are commonly used in health research and have been one of the
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endpoints in many clinical studies (Santana and Feeny, 2008).

The definition of HRQOL varies widely. For instance, HRQOL reflects the physical, social, and emotional perspectives of an individual as they relate to their prior
and current health status (Borgaonkar and Irvine, 2000). HRQOL can also be the
value being assigned by an individual to their duration of life while accounting for
impairment, functional states, perceptions and social opportunities that are affected
by illness, injury, treatment or policy (Patrick and Erickson, 1993). Essentially, all
the definitions show that health is a multidimensional concept, and that HRQOL
can provide an overall objective measurement of an individual’s health status from
his/her own perspective.

1.1.1

The Common HRQOL Measures

The measures of HRQOL are crucial for studying the impact of chronic diseases and
the effectiveness of their treatments. They are also helpful for clinicians and policy
makers to understand and assess the variability among individuals with similar conditions (Santana and Feeny, 2008), to monitor the quality of population health, and
to conduct cost-utility analyses (Feeny et al., 2002).

According to a report by the Institute of Health Economics (IHE), the main properties
of HRQOL measures are discrimination, evaluation and prediction. One example of
discrimination is to distinguish the disease burden between different groups of people
at a specific point of time. These measures can also be used to evaluate the change of
individuals’ health status over time, which are usually used as an outcome in clinical
trials, being referred to as “patient-reported outcomes” (Friedman et al., 2015). The
last property of HRQOL measures mentioned in the IHE report is prediction, which
refers to the capability of predicting the values of other measures based on the current
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measure, or predicting future outcomes (Santana and Feeny, 2008).

There are different measures of HRQOL, including condition-specific measures, which
focus on health dimensions related to a particular health condition or population, and
generic measures, which are applicable to a wide range of disease, patients, and interventions (Brazier et al., 2010). These measures of HRQOL can also be categorized
by whether they generate a profile of dimension scores (eg. patient-reported values)
or a single index and if they produce a single index, whether the index is derived
using simple summation of profile scores or by using one of the instruments based on
surveying patients’ or the general public’s preferences for different combinations of
health states. The index scores generated from the latter are usually referred to as
multi-attribute preference-based measures. In contrast, the profile measures discussed
earlier are usually referred to as non-preference-based measures.

Non-preference-based measures like profile scores usually contain a large amount of
information that cannot be easily aggregated and thus are not appropriate for comparisons across treatments, interventions, or different programs. Furthermore, nonpreference-based measures cannot be used in cost-effective analysis to estimate cost
per quality-adjusted life years (QALYs). The QALY is a measure of health that aggregates both qualitative and quantitative perspectives of life into a single numeric
value, where the qualitative perspective is captured by a preference-based measure.
In this thesis, only multi-attribute preference-based instruments will be discussed.

The construction of HRQOL data using multi-attribute preference-based instruments
usually involves three important steps: specifying distinct health states for valuation,
eliciting population preferences for a subset of health states, and converting the responses using a validated scoring algorithm to derive HRQOL weights. Examples of
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popular multi-attribute preference-based instruments for the general population include the EQ-5D (Dolan, 1997), the HUI2 (Torrance, 1996), the HUI3 (Feeny et al.,
2002), and the SF-6D (Brazier et al., 2006).

1.1.2

Health Utility Index Mark 3

The HUI3 system, developed by Fenny et al. (2002), is a widely used multi-attribute
preference-based instrument in clinical programs and health surveys. To avoid confounding individuals’ abilities with their preferences, the HUI3 system describes health
status in terms of functional capacity rather than performance, and provides information about whether an individual has limitations and, if any, the extent of the limitations. The system consists of a health states classification, which defines 972,000
unique health states in total. In the system, each health state is described in terms of
eight attributes, namely: vision (V), hearing (H), speech (S), ambulation (A), dexterity (D), emotion (E), cognition (C), and pain/discomfort (P). For each attribute, there
are five or six distinct levels, representing the health status from normal to severely
impaired. The scores of the eight attributes will then be gathered to obtain an overall
utility value using the multi-attribute utility function table and formula. The utility values can provide information about the relative importance of an individual’s
functional limitations (Furlong et al., 2001).

1.2
1.2.1

Ontario’s Primary Care Reforms
Canada’s Health System

In Canada, most health care services are publicly financed through taxation, but some
health care services are delivered privately by physicians and not-for-profit hospitals.
All Canadian residents have access to insured medical services without paying out-ofpocket at the point of access (Government of Canada, 2016). Primary care physicians
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(PCPs) are independent contractors remunerated by provincial or territorial health
care insurance plans. Since the inception of Canadian Medicare in 1966, the fee-forservice (FFS) remuneration model has dominated the landscape of Canada’s primary
care system, along with capitation and salary to a limited extent. During the 1980s
and 1990s, many industrialized countries put heavy investment in improving primary
care. In the early 2000s in Canada, there was evidence of increased public dissatisfaction towards the country’s primary care, and an emphasis on the importance of
primary care to the overall performance of health care system. Since then, policy
makers introduced a series of strategies to reform Canada’s primary care (Hutchison
and Glazier, 2013; Sarma et al., 2018).

1.2.2

Ontario’s Primary Care Reform

Ontario pursued a number of policy initiatives as part of its reform strategy in the
early 2000s, which led to a shift away from the traditional FFS, towards blended
remuneration models that combine the traditional FFS and capitation models with
pay-for-performance incentives and incentives for prevention and public health in an
attempt to improve access to and quality of primary care (Sarma et al., 2018).

In the traditional FFS system, the unit of payment is each service that physicians
provide, such as a physical exam, immunization or prescription. The FFS system
may be advantageous for PCPs in the sense that it provides financial motivation to
provide more services and keep good relationships with patients. However, the FFS
system has a tendency of over-provision of medical services, which may lead to higher
health cost, unnecessary prescriptions, disincentive to illness prevention, or intention
of skipping detailed patient histories (“Alternative Methods of Payment”, 2015). An
alternative remuneration model is the capitation system. In this system, the unit of
payment is each patient enrolled, and physicians are paid for a basket of medical ser-
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vices during a fixed period, regardless of the number of services the patient requires.
Usually, the amount of time and attention needed from physicians may vary among
patients. Thus, in the capitation system, physicians are usually remunerated on the
basis of the capitation adjusted by age, sex, or health needs. Although the capitation
model encourages physicians to maintain patients’ health as there are no incentives
for any additional service provided, it may also lead to under-provision of medical
services to patients due to fixed amount of income (Sweetman and Buckley, 2014).

Blended remuneration models were introduced in the early 2000s by the government
of Ontario. Over the past decade and a half, models such as Family Health Group
(FHG), Comprehensive Care Model (CCM), Family Health Network (FHN), and Family Health Organization (FHO) represent some of the key policy initiatives during
Ontario’s primary care reform. The FHG and CCM are blended FFS models introduced in July 2003 and October 2005, respectively. In both the FHG and CCM,
physicians receive all of their FFS payment, plus premiums for providing priority
services like reproductive care, palliative care, and home visit, as well as additional
pay-for-performance incentives for health promotion (e.g. cancer screening and smoking cessation) and management of chronic diseases. The FHG is offered to groups of
three or more physicians, whereas the CCM is for solo physicians (Ministry of Health,
2019). Under these blended FFS models, the benefit of patient enrolment is recognized, and physicians are encouraged to set health targets, and to provide health
assessments, preventive-care services, diagnosis and treatment (Sweetman and Buckley, 2014; Hutchison and Glazier, 2013).

The FHN and FHO are two blended capitation models introduced in April 2001 and
November 2006, respectively. In FHN and FHO, physicians are reimbursed through
age- and sex-adjusted capitation payments for providing a basket of services to en-
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rolled patients, but also receive FFS payments for non-capitated services to enrolled
patients and for all services to non-enrolled patients subject to a limit known as
“hard cap”, as well as premiums and financial incentives that are similar to those
in FHG. Both of the two models offer comprehensive care through a combination of
regular office hours and after-hours services, and have information technology, preventive health care services, chronic disease management, and health promotion as
their integral parts. The two models also receive “shadow billing” premium, which is
an FFS element for services in the capitated basket for enrolled patients that encourages physicians to submit claims (Sweetman and Buckley, 2014; Glazier et al., 2019),
and the access bonus, which is a financial incentive of enrolled physician’s practice to
minimize patient’s visits for primary care services outside capitation practices, and
is up to 18.59% of the base capitation payments (Glazier et al., 2019). According to
Sweetman and Buckley (2014), the main differences between the two models are the
base rate payment and the basket of services. The base rates were $126.48 for the
FHNs and $139.12 for the FHOs when the paper was written in 2014. The basket of
services for FHO had 132 fee codes in 2014, which was nearly double the number of
fee codes than the FHN basket (69 fee codes). Table 1.1 at the end of this chapter
provides a comparison of different remuneration models.

1.2.3

Post-Reform Era

The introduction of blended remuneration models has transformed the landscape of
Ontario’s primary care and dramatically changed the way physicians practice. In
2002, 94% of Ontario’s PCPs were practicing under the traditional FFS model, with
only 6% in other remuneration arrangements. As of 2012, only 24% remained in the
traditional FFS model, and nearly 70% switched to one of the blended models, with
the rest switching to other kinds of models. Partly as a result of introducing new
remuneration models, total payments to PCPs increased by 32% between 2006 to
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2007 and 2009 to 2010 fiscal years, and the overall satisfaction with the practice in
medicine reported by PCPs increased from 76% in 2009 to 84% in 2012 (Hutchison
and Glazier, 2013).

Some evidence suggests that the change in remuneration models and the introduction
of various incentives in Ontario are associated with improved preventive care delivery,
chronic disease management, physician productivity, and access to care (Hutchison
et al., 2011). Li et al. (2014) investigated physicians’ responses to financial incentives, and found that pay-for-performance incentives increased the amount of preventive services including seniors’ influenza vaccination, Pap smears, mammography,
and colorectal cancer screening. Tu et al. (2009) compared hypertension management
among Ontario physicians practicing under Community Health Centre Salary model,
capitation-based blended-payment model, and traditional fee-for-service model, suggesting that treatment and control rates were higher in the capitation model after controlling for patients’ sociodemographic factors and comorbidity. Kralj and Kantarevic
(2013) compared the impact of the FHO model relative to the FHG, and found that
physicians in the FHO provided 6% to 7% fewer services and visits per day, but were
approximately 7% and 11% more likely to receive preventive care bonuses than physicians in the FHG model.

However, no performance measurement system currently exists to track the impact
of the reform on population health. To better understand the impact of primary care
reform on patients’ health status, it is useful to develop model-based prediction for
health outcomes like the HUI3 and assess the relationship between change in physician
remuneration model and HUI3.
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1.3

Research Objectives

This thesis project has two main objectives:
1. To construct a prediction model for HUI3 values using the Canadian Community Health Survey (CCHS) data. The response variable is the observed HUI3
values. The predictors are a set of variables available in the CCHS, and have
been recognized as important determinants of HRQOL in the literature. This
model will be referred to as the “full-model”. However, since health administrative data contain fewer predictors than the CCHS data do, another prediction
model for HUI3 values will be constructed using CCHS data that contains only
the predictors available in Ontario’s administrative data. This model will be
referred to as the “reduced-model”. I will preform log likelihood ratio test to
see whether the difference between the likelihoods for the two models is statistically significant, i.e. whether the extra predictors in the full model makes a
statistically significant independent contribution to the model. If there is such
evidence, I will adjust the predicted value of the reduced-model based on the
full-model by employing the model calibration technique.
2. To study the association between the change physician remuneration models and
patients’ health status measured by HUI3. I will construct a statistical model
to quantify the impact of changes in physician remuneration on predicted HUI3
values, while accounting for the potential confounders.
Given the emphasis on health promotion, preventive care, and disease management
in the blended remuneration models, I hypothesize that the blended FFS (FHG and
CCM) and blended capitation (FHN and FHO) models will be associated with higher
health status, relative to the traditional FFS, ceteris paribus.
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1.4

Data Sources

The data for this thesis came from the following sources:
1. The CCHS Cycle 1.1 (2000-2001) and CCHS 2009-2010 linked with the health
administrative data from ICES.
2. Health administrative data covering all non-institutionalized Ontario residents
from ICES.
The CCHS is a cross-sectional survey conducted by Statistics Canada that collects
information on the HUI3 values and a set of health determinants for a representative
sample of Canadians 12 years of age and older (Pullenayegum et al., 2013). The
variables obtained from CCHS data include age, sex, comorbidity, which was measured
by The Johns Hopkins Adjusted Clinical Group R (ACG R ) system version 10 (2011),
rurality, area-level income quintiles,household-level household income, the highest
education level of the respondents, physical activity index, type of smoker, and type
of drinker. Health administrative data are generated for every CCHS respondent on
visit to his/her family physician or a diagnostic procedure (Cadarette and Wong,
2015). Compared to the CCHS data, Ontario’s health administrative data contain
fewer variables, including physician payment models, physician characteristics such as
age, sex, international medical graduation status, Canadian medical graduate status,
and year of graduation, and patient characteristics such as age, sex, area-level income
quintile, rurality, and comorbidity. In this thesis project, I use the CCHS 2000/01
and 2009/10 data linked with Ontario health administrative data in the same fiscal
years to represent the pre-reform and the post-reform periods.
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1.5

Key Findings

For the first objective, the two-part beta mixture model was found to perform the
best among all other candidate models as it has the lowest AIC and BIC, and an
empirical density that resembles the density of observed HUI3 the most. For the second objective, after adjusting for all potential confounders, physicians switching from
the traditional FFS to the blended FFS and blended capitation models were associated with higher patients’ health status and gain in patients’ QALYs, as compared to
physicians who continued practicing under the traditional FFS model. Furthermore,
subgroup analysis was conducted for patients who changed versus those who did not
change their physicians, and the results showed that the magnitude of the associations among patients with the same physicians over time were statistically significant
and twice as large as those in the overall analysis, suggesting that the impact of the
Ontario primary care reform was more driven by physicians rather than patients.
Hence, in order to obtain true impacts and meaningful results, it was necessary to
make sure individuals in the study samples have the same physicians over time. The
results showed that change in physician remuneration had greater improvement on
health status of females, younger patients, and those living in high-income areas, after
adjusting for all other potential confounders. In conclusion, the findings suggested
that the introduction of Ontario’s primary care reform was associated with improved
health outcomes.

1.6

Organization of the Thesis

The organization of this thesis is as follows. Chapter 2 presents the construction of
prediction models for the HUI3 in Ontario. Chapter 3 studies the association between
the change in physician remuneration model and the predicted HUI3 values. Chapter
4 provides the summary of findings, the strengths,the limitations, the conclusions, as
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well as discussions on directions for future work.

Not applicable
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Table 1.1: Comparison of Ontario’s primary physician remuneration models
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Chapter 2
PREDICTIVE MODELS FOR THE HEALTH UTILITY
INDEX MARK 3 IN ONTARIO
2.1

Introduction

Health-related quality of life (HRQOL) provides an overall measure of an individual’s
own perspective of his/her health status. Construction of HRQOL data involves three
important steps: specifying distinct health states for valuation, eliciting population
preferences for a subset of health states, and converting the responses using a validated scoring algorithm to derive HRQOL weights (Santana and Feeny, 2008). The
most commonly used measure of HRQOL, at both the individual and the population
level, are the multi-attribute preference-based instruments. Popular multi-attribute
preference-based instruments for a general population include EQ-5D (Dolan, 1997),
the Health Utility Index Mark 2 (HUI2) (Torrance, 1996), the Utility Index Mark 3
(HUI3) (Feeny et al., 2002), and the SF-6D (Brazier et al., 2006).

The HUI3 system is commonly used as an outcome in clinical studies or a measure of
population health by constructing quality-adjusted life years (QALYs). The system
is composed of a health states classification that defines 972,000 unique health states,
and a multi-attribute utility function that can be used to calculate an individual’s
HUI3. Values of HUI3 range from -0.36 to 1, with negative values representing a
health state worse than death, 0 representing death, and 1 representing a perfect
health state (Feeny et al., 2002). For this study, I will only focus on the HUI3 values
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between 0 and 1 because the beta mixture models are based on beta distribution,
whose boundary support is 0 to 1 exclusive. This exclusion would not cause any analytical problem since individuals with negative HUI3 values only account for about
0.7% of the total sample sizes in both CCHS cycles and are not qualitatively different
from those with non-negative values in terms of baseline characteristics.

There are increasing concerns about the effectiveness and efficiency of health care systems around the world. As a consequence, clinical and economic appraisal of health
services require appropriate and comprehensive instruments to measure HRQOL in
the population. The HUI3 system is one such popular instrument, and therefore
has been implemented in large-scale Canadian population health surveys since the
1990s, including the National Longitudinal Survey of Children and Youth, the National Population Health Survey, and several Canadian Community Health Survey
cycles (Grootendorst et al., 2000). However, in the health administrative datasets, no
HUI3 data or other preference-based utility values are available to construct HRQOL.
Thus, it is useful to develop multivariable predictive models for the HUI3 to conduct
HRQOL analysis for a target population using administrative datasets.

When studying the relationship between the HUI3 values and predictors such as
age, sex, socioeconomic status or specific diseases, constructing regression models is
particularly useful to quantify the impact of the variables of interest on the HUI3
values. The distribution of the HUI3 values exhibits several distinct features that
must be considered when constructing appropriate statistical models. First, the HUI3
values are often left skewed. Second, many people report perfect health, and a spike
often occurs at HUI3 of 1. Third, heteroscedasticity is integral to limited dependent
variables like the HUI3 values (Basu and Manca, 2012). Finally, the HUI3 data often
present multimodality (Hernandez-Alva and Gary, 2018).
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Previous research has advocated the use of linear and Tobit models in the analysis of
health utility data. Grootendorst et al. (2007) modeled HUI3 as a linear function of
the covariates to translate the Western Ontario and McMaster University Osteoarthritis Index scores into the HUI3 values for patients with osteoarthritis. Patrick et al.
(2012) also applied the ordinary least square (OLS) to estimate EQ-5D questionnaire
utility values from Headache Impact Test scores and Migraine-Specific Quality-ofLife Questionnaire version 2.1 domain scores. Sabourin et al. (2015) compared OLS
regression with spline transformation, a multinomial logistic regression, and a beta
binomial regression in terms of their performances on the mapping of the EORTC
QLQ-C30 questionnaire to EQ-5D. The results suggested that OLS with spline transformation improved goodness-of-fit and predictive ability compared to other models.
Austin et al. (2000) proposed the Tobit model to examine the relationship between
health determinants and the HUI3 values, and demonstrated that the Tobit model is
less biased than OLS given homoscedastic error terms.

In this chapter, I applied two other statistical models to quantify the relationship between HUI3 values and the predictors of interest: the single-part beta mixture model
proposed by Hernandez-Alava and Gray (2018), and the two-part beta mixture model
that combines the beta mixture model and the two-part model proposed by Basu and
Manca (2012). Both models are based on beta distribution, which has a bounded
support in (0,1) and flexible shape parameters. Thus, these models are expected
to adequately capture the distributional features of HUI3 data discussed earlier, ie.
skewness, a spike at 1, heteroscedasticity, and multimodality. The two models have
similar structures, where a logistic model is used to predict the probability of HUI3
being 1, and a M-component beta mixture model to predict continuous HUI3 values.
The difference is that in single-part model the logistic component and beta mixture
component are combined by some mixing probabilities, whereas in two-part model
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the two components are estimated separately. Since logistic model predicts probabilities rather than the outcomes themselves, the single-part model may not be able to
predict perfect health state (HUI3 = 1), and the advantage of the two-part model is
that it guarantees the prediction of one as an optimal cut-off probability is explicitly
chosen based on the ROC curve.

The purposes of this chapter are to: (i) find the best prediction model by comparing
the performance of linear regression model, Tobit model, and, for the first time, the
two beta-based mixture models, and (ii) predict every Ontario resident’s HUI3 in
health administrative data. Data from CCHS cycle 1.1 (2000-2001) and 2009-2010
linked with Ontario administrative data in the corresponding fiscal years were used
for analysis.

2.2
2.2.1

Methods
Study Population

After excluding missing data, a total sample of 22952 respondents (9752 excluded)
are available in CCHS Cycle 1.1 (2000-2001), and a total sample of 24790 respondents
(4784 excluded) are available in CCHS 2009-2010 for all regression analyses. For all
the predictors from the CCHS, any responses of “not applicable”, “don’t know”, “refusal” or “not stated” are considered as missing and hence excluded. The exclusion
criteria in this study were patients with negative HUI3 values, and those with incomplete observations in any of the predictors. Figures A.1 and A.2 in appendix A
present flow charts explaining the detailed selection process of the study population
for each CCHS cycle. To ensure that the excluded observations are not systematically
different from the included sample, ie. no selection bias introduced by removing data
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with missing observations, I also generated a table by the missingness of household
income and/or comorbidity for each CCHS cycle, comorbidity, which was measured
by the Johns Hopkins Adjusted Clinical Group R (ACG) scoring system (table A.1).
Comparisons were done by household income and comorbidity in CCHS 2000-2001
and by household income only in CCHS 2009-2010, because they contained a large
number of missing values. Other variables had fewer missing data. As shown in table
A.1, the percentages of each level of the predictors among complete observations and
those with missing values are quite similar, and therefore selection bias should not be
a concern for this study.

2.2.2

Data Sources

The data came from two sources: the CCHS cycle 1.1 (2000-2001) and 2009-2010
linked with the Ontario health administrative data from ICES, covering all noninstitutionalized Ontario residents. The CCHS is Statistics Canada’s cross-sectional
surveys, and its main goal is to collect population-level information on health determinants, health status, and health care utilization. The target population of the
CCHS is Canadians aged 12 years and over living in ten provinces and three territories. The CCHS excludes persons living on reserves and other Aboriginal settlements
in the provinces, full-time members of the Canadian Forces, the institutionalized population, children aged 12-17 that are living in foster care, and persons living in the
Quebec health regions of Région du Nunavik and Région des Terres-Cries-de-la-BaieJames, collectively representing less than 3% of the Canadian population aged 12 and
over (Statistics Canada, 2018).

2.2.3

Variables Description

This section provides a detailed description of the explanatory variables used in this
study. The explanatory variables used to construct the full prediction models for
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the HUI3 values were age, sex, comorbidity, rurality, area-level income quintiles,
household-level household income, the highest education level of the respondents,
physical activity index, types of smoker, and types of drinker. The explanatory variables used to construct the reduced prediction models were: age, sex, comorbidity,
rurality, and area-level income quintiles. All the explanatory variables were previously
recognized as important determinants of HRQOL in the literature, and are discussed
in detail below.

Age and Sex
Age has been identified as a potential predictor of the HUI3 values. Etxeberria et al.
(2019) suggested that the HRQOL of the oldest old (85 and over) was significantly
lower than the younger old (65 to 84), and that this association was consistently supported by other studies that identified age as a predictor. Hopman et al (2009) also
looked into the relationship between age, chronic disease, and HRQOL, and found
a strong negative association between physical HRQOL and advanced age. In this
study, I included age as a categorical variable with respondents aged 11 to 19 as the
reference category.

Sex was identified as a predictor of the HUI3 values. Cherepanov et al. (2010) confirmed that women had lower HRQOL than males in the general population, and
that the differences could be partly explained by sociodemographic and SES discrepancies. A systematic review identified 19 eligible studies on sex differences in HRQOL
in long-term after stroke and found contrasting views supported by different studies
(Gall et al., 2012). In general, females had lower HRQOL than males in univariate
studies (Paul et al., 2005; Roding et al., 2010; Leach et al., 2011). However, in studies
where multivariable analyses were undertaken, no significant associations between sex
and HRQOL were found (Dhamoon et al., 2010; Delcourt et al., 2011; Patel et al.,
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2007). There were also some studies reporting higher HRQOL in females than males
(Kauhanen et al., 2000; Jonsson et al., 2005). Sex was represented by a dummy
variable which takes a value of one for males and zero for females.

Socioeconomic Status (SES)
A positive association between SES and health status has been well-established in the
literature, suggesting that people with lower SES suffer more from poor health than
those with higher SES (Ma and McGhee, 2013). Rognerud and Zahl (2006) suggested
that the inequalities of mortality increased between household-level income quartile
from the 1970s to the 1990s, and that low individual-level education had become a
more important risk factor than income. Furthermore, Steenland et al. (2004) also
showed that both individual- and area-level SES were risk factors of mortality, and
that although individual-level SES had stronger association towards some health outcomes, area-level SES were also important predictors of vascular disease mortality. A
recent cross-sectional study among elderly Chinese by Ma and McGhee (2013) also
suggested that educational level was positively associated with HRQOL, and that
economic hardship was strongly associated with HRQOL in both men and women.

I included two SES indicators: income (household-level and area-level) and education
level. household-level income, census dissemination area-level income quintile, and
education level will be included as categorical variables. Household-level income indicates household income of the CCHS respondents from all sources. Area-level income
quintile divides the population into 5 income groups from the lowest (1st quintile) to
the highest (5th quintile), so that each group accounts for approximately 20% of the
population (“Concept: Income Quintiles”, 2019). The reference group of householdlevel income were those earning less than $5,000; that of area-level income quintile
were those in the first income quintile; and that of education level were those having
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a less than secondary school degree.

Comorbidity
Comorbidity was measured by the Aggregated Diagnosis Groups (ADGs) assigned
by The Johns Hopkins Adjusted Clinical Group R (ACG R ) system version 10. The
ACG R system is a person-focused and diagnosis-based methodology that can be
used to determine the morbidity profile of patient populations. The ACG R system
assigns each International Classification of Disease (ICD) diagnosis codes (ICD-9 version, ICD9-CM version, or ICD-10 version) to one of the 32 diagnosis groups, referred
to as the ADGs, based on five clinical dimensions: duration of the condition; severity
of the condition; diagnostic certainty; etiology of the condition; and expected need
for specialty care. Diagnosis codes within the same ADG score are similar in terms
of both clinical criteria and expected need for healthcare resources. Just like patients
may have multiple diagnosis codes, they can also have multiple ADGs (up to 32) (The
Johns Hopkins ACG R Case-Mix System Version 10.0 Release Notes, 2011; Austin
et al., 2011).

A general adult population-based study by Agborsangaya et al. (2013) showed that
people living with chronic conditions commonly suffered from pain and discomfort,
and their multimorbidity was strongly associated with clinically important reductions
in HRQOL. The original ADG variable allows an individual to have as few as ADGs of
zero and as many as ADGs of 32. However, I used a slightly modified ADG variable,
which combines the ADGs of 14 and over into one group as the sample size of each
higher ADG was too small. The reference group was ADGs equal one.
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Physical Activity
Physical activity was considered as a predictor of HUI3 values. According to Cohen et al. (2005), physical activity was associated with higher HRQOL in younger
adults, and in older adults, physical activity influenced HRQOL (Cohen et al., 2016).
Vuillemin et al. (2005) suggested that people who met the public health recommendations for physical activity had better HRQOL than those who did not.

Physical activity was measured using the physical activity index. The physical activity
index was derived from the energy expenditure (EE) of participants in their leisure
activities, which were estimated using the frequency and average duration per session
of the physical activity, and its metabolic energy cost expressed as a multiple of the
rest metabolic rate. The physical activity index contained three levels, representing
different range of the EEs: individuals with EE less than 1.5 are categorized as
inactive, those with EE between 1.5 and 3 are categorized as moderately active, and
those with EE greater than 3 are categorized as active (Statistics Canada, 2010). The
physical activity index was included as a categorical variable, and the reference group
was physically inactive.

Smoking
Smoking is one of the main lifestyle risk factors (Heart and Stroke Foundation of
Canada, 2018), and its health effect has been well studied in the literature. Dube et
al. (2018) assessed age-related differences in smoking status and HRQOL, and found
that although the level of impact of smoke on health differed by age groups, everyday
smoking did highly predict physically unhealthy days and mentally unhealthy days.
Shields et al. (2013) suggested that long-term smoking cessation was associated with
improvements in HRQOL for both men and women at any age.
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I categorized smoking behaviour by types of smoker, including daily smoker, occasional smoker (former daily smoker), occasional smoker (never a daily smoker or has
smoked less than 100 cigarettes lifetime), former daily smoker (non-smoker now), former occasional smoker (at least 1 whole cigarette, non-smoker now), and non-smoker
(never smoked a whole cigarette). The types of smoker were included as a categorical
variable, and the reference group was the non-smoker.

Drinking
Drinking behaviour is another lifestyle-related factor and was considered as a predictor of the HUI3 values. Previous literature has shown bidirectional associations
between alcohol consumption and HRQOL. Polluste et al. (2016) looked into the
gender-related difference in alcohol consumption and HRQOL in patients with and
without chronic conditions, and found that irrespective of patients gender or health
condition, light alcohol consumption was positively associated with HRQOL, but hazardous use of alcohol had a negative association with HRQOL. In addition, Imtiaz
et al. (2018) studied the association between longitudinal alcohol consumption patterns and HRQOL over a 3-year period for adult US respondents in the National
Epidemiologic Survey on Alcohol and Related Conditions, and found moderate and
heavy drinkers who decreased or ceased alcohol consumption exhibited reductions in
HRQOL.

I categorized drinking behaviour by the types of drinker, including regular drinker,
occasional drinker, and never drank1 . The types of drinker were included as a categorical variable, and the reference group was people who never drank.
1

This category was explained as ”never drank” in CCHS cycle 1.1 (2000-2001), but as “did not
drink in the last 12 months” in CCHS 2009-2010. For simplification, hereinafter I write both as
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Rurality
Rural-urban is considered as a predictor of the HUI3 values. Mathews et al. (2017)
looked into non-institutionalized adults aged ≥18 years residing in the U.S., and
found that health outcomes were consistently poorer in rural areas partly due to
higher prevalence of risk factors, higher rate of premature death, lower SES, less insurance coverage, and less access to quality health care.

Patients’ rural/urban classification was created based on Statistics Canada’s Postal
Code Conversion File (PCCF) indicate if a person lives in an urban population centre
or a rural area (Statistics Canada, 2017). I included rurality as a categorical variable,
and the reference group was rural area.

2.2.4

Regression Models

The prediction models for the HUI3 values were constructed using four types of regression models.

Model 1: multivariable linear regression model
Linear regression models are used in many HRQOL studies in the literature. For
instance, Grootendorst et al. (2000) used linear regression model to provide evidence
of construct validity for the HUI3 system. In another study, Grootendorst et al.
(2007) also used linear model to estimate the HUI3 values from Western Ontario and
McMaster University Osteoarthritis Index. In this chapter, I also begin with a linear
regression model as it is simple and easy to interpret. However, linear models can
sometimes be problematic because it allows the values outside the lower and upper
“never drank”.
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boundaries of HUI3 to be generated. The linear assumptions are also quite difficult
to satisfy given the distributional features of HUI3 data.

Model 2: the Tobit model
The Tobit model is a frequently used regression model in the presence of censored
data, and takes into account that the boundary of HUI3 data is limited to not exceed
1, and that there is a spike at full health point (Hernandez-Alva et al., 2012). In the
HUI3 system, the ceiling values are defined as prefect health states. However, this
definition might be problematic. As mentioned earlier, there is a substantial number
of the respondents obtaining perfect health, which could be because the HUI3 values
are subject to a ceiling effect, and therefore are unable to discriminate among higher
health status (Austin et al., 2000). For example, the dexterity scale of the HUI3 system assigns a perfect score if one has “full use of two hands and ten fingers.” Thus,
a person with the basic use of two hands and ten fingers in daily life and a magician
who needs extremely dexterous fingers will both be classified as perfectly healthy, even
though they require different dexterity. Hence, it is sensible to assume that there are
health states better than 1, and that the observed health status measure is subject
to censoring.

The Tobit model is described as follows:
yi∗ = xTi β + errori ,
where yi∗ denotes an individual’s true HUI3 value, β is a vector of coefficients, xTi
is a row vector of predictors, and errori is independent and identically distributed
N (0, σ 2 ). As discussed earlier, an individual with observed HUI3 values of 1 may have
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a true yi∗ ≥ 1. Therefore, the observed response variable is described as:

yi =



yi∗

1

if yi∗ < 1
if

yi∗

(2.1)

≥ 1.

The Tobit model is estimated using maximum likelihood estimation, and the log
likelihood can be written as:
n 
 1  y − xT β 
  xT β − 1 
X
i
i
l=
1(yi < 1)log φ
+ 1(yi ≥ 1)log Φ i
,
σ
σ
σ
i=1

where n is the number of observations, 1(·) is the indicator function, σ is the standard deviation of errori , φ(·) is the standard normal density function, and Φ(·) is the
standard cumulative normal (Hernandez-Alva et al., 2012).

In theory, the Tobit model framework is adequate to analyze data that are subject to
ceiling effects. However, in the presence of heteroscedasticity, the maximum likelihood
estimator of the Tobit model is no longer consistent; as a result, the performance of
Tobit model may be worse than that of linear model (Lin and Cheng, 2011).

Model 3: the single-part beta mixture model
The beta distribution is flexible and convenient in modelling HRQOL data since it
has a bounded support in (0,1) and the ability to model skewed and heteroscedastic
data (Basu and Manca, 2012). According to Ferrari and Cribari-Neto (2004), in beta
distribution, the mean and variance of y are given by
E(y) = µ
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and
var(y) =

µ(1 − µ)
;
1+φ

φ > 0,

where µ is the mean of y, and φ is a precision parameter, meaning that for fixed µ, the
larger the φ, the smaller the variance of y. Note that the variance of y is a function of
µ, and is decreasing as the precision parameter φ increases. The density of y is then
given by
f (y; µ, φ) =

Γ(φ)
y µφ−1 (1 − y)(1−µ)φ−1 ;
Γ(µφ)Γ((1 − µ)φ)

0 < y < 1,

(2.2)

where Γ(.) is the gamma function, 0 < µ < 1 and φ > 0. Depending on different
values of µ and φ, beta distribution can display various shapes, which enables it to
model left or right skewed data.

Consider a sample, yi , i = 1, ..., n, that follows the probability density function in
(2.2), then the beta regression model is obtained by assuming the mean of yi as
E[yi ] = g(µi ) = xTi β = ηi ,

(2.3)

where β is a vector of regression parameters, xTi is a vector of covariates of interest, and
g(.) is a strictly monotonic and twice differentiable link function such that E(y) = µ =
g −1 (η). This is essentially a generalized linear model (GLM) with response variables
following a beta distribution. Under this framework, many link functions can be used,
although the logit link is particularly useful, since the regression coefficient can be
interpreted as log-odds. Then, according to 2.3, the mean of yi using logit link is
given by
µi =

exp(xTi β)
.
1 + exp(xTi β)

(2.4)

To capture potential sub-population within the overall HRQOL data, Hernandez-Alva

31

and Gray (2018) proposed a beta mixture regression model, where the HRQOL data
will be fitted to a finite mixture model consisting of a multinomial distribution with
probability mass 1, and a mixture of beta distributions defined in the continuous
open interval (0,1). In the context of this study, let yi represent ith individual’s HUI3
value, then the density of yi conditional on a vector of covariates of interest, Xi , can
be written as:




P (yi = 0|Xi )
if yi = 0



d(yi |Xi ) = P (yi = 1|Xi )
if yi = 1


h
i


P

 1−
P
(y
=
s|X
)
h(yi |Xi ) if yi ∈ (0, 1).
i
i
s=0,1

(2.5)

The probability mass functions P (yi |Xi ) is derived using multinomial logit model
P (yi = k|Xi ) =

exp(XiT γk )
P
1 + s=0,1 exp(XiT γs )

for k = 0, 1,

(2.6)

where γ is a vector of corresponding coefficients of Xi . The set of coefficients corresponding to the probability of a value falling in the continuous part, i.e. the interval
(0,1), is normalized to zero as the reference group. The probability density function
h(.) is a mixture of M-component beta distributions with means µmi and precision
parameter φmi , m = 1, ..., M , and can be written as:

h(yi |Xi ) =

M
X

(P (m|xi )f (yi ; Xi βm , φm )),

(2.7)

m=1

where f (.) is the beta density function defined in 2.2, and P (c|Xi ) is the probability
of belonging to one of M latent classes, given by a multinomial logit model:
exp(XiT ξm )
P (m|Xi ) = PM
.
T
m=1 exp(Xi ξm )

(2.8)
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To simplify the prediction model, the probability mass at 0 will not be considered as
there are less than 5 observations with the HUI3 values of 0 in both cycles. Instead,
1 × 10−6 was added to those observations. Accordingly, the probability mass function
was derived using a logistic model. A major disadvantage of single-part beta model
was lacking the ability to predict the HUI3 value of 1, because logistic model predicts
the probability of discrete outcomes rather than the outcomes themselves.

Model 4: the two-part beta mixture model
The two-part beta mixture model (hereinafter referred to as two-part model), which
resembled the single-part model in that both models used a logistic model to predict
the probability of the HUI3 being 1, and a M-component beta mixture model to predict the continuous HUI3 values. The difference between these two models was that
in the single-part model, the logistic component and the beta mixture component
were combined by some mixing probabilities, whereas in the two-part model, the logistic model and the beta mixture model were estimated separately. Accordingly, the
regression results were presented separately, one showing the predicted probabilities
of HUI3 values being 1, and the other showing the predicted HUI3 values for each
individual. Since the prediction of a logistic model is the probability of the outcome
instead of the outcome itself, the single-part beta mixture model may not have the
ability to predict HUI3 of one. Thus, one of the potential advantages of using a
two-part model is that, it is guaranteed to predict one by choosing an optimal cut-off
point for predicted probability from the logistic model.

In the prediction for Ontario residents, I first determined the optimal cut-off point
for the predicted probability based on the ROC curve of the logistic model. Any
individual with a predicted probability greater than the cut-off value was assigned
a HUI3 value of 1, and everyone else’s HUI3 value was predicted through the beta
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mixture model.

2.2.5

Model Calibration

Ontario’s health administrative data lacked socio-economic confounders. There were
ten explanatory variables in the CCHS data, namely age, sex, ADGs, rurality, arealevel income quintile, household-level income from all sources, education, physical
activity status, smoking status, and drinking status. In the administrative data,
however, the only variables available were age, sex, ADGs, rurality, and area-level
income quintile. Therefore, I constructed two models, one consisting of all ten variables, referred to as the full-model, and the other consisting of the five variables
available in the health administrative data, referred to as the reduced-model. If the
full- and the reduced-model fitted the data equally well (or the excluded variables did
not contribute to the prediction accuracy), the reduced-model can then be used for
prediction. Otherwise, to avoid bias due to model misspecification, it was necessary
to adjust the reduced-model so that its prediction can be as accurate as that of the
full-model. The process described above was called model calibration.

Model calibration is a statistical method that can validate the predictive models and
make adjustments by parameter rescaling. Here, the idea of model calibration is
borrowed to obtain a more accurate prediction for the HUI3 values from the reducedmodel. The general calibration procedure proceeds as follows (Houwelingen, 2000):
1. Plot the full-model prediction Yf ull versus the reduced-model prediction Yreduce .
2. If the data points are scattered around the 45◦ -line, the reduced-model is as
good as the full-model and no adjustment is necessary.
3. If the data points are scattered around a straight line with different slope and/or
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intercept, the reduced-model can be calibrated by fitting Yf ull = α+βYreduce +,
and the calibrated value can be obtained from the model Ycali = α + βYreduce .

2.2.6

Validation

Since the health administrative data cover all of the Ontario residents, the CCHS
respondents whose HUI3 values were observed are also included. Thus, I can identify
the HUI3 values of those who completed the CCHS and their records available in the
administrative data, and validate the prediction results based on these observed HUI3
values. The validation will be done in terms of two aspects:
1. The difference in descriptive statistics between observed and predicted HUI3
values.
2. The percentages of observed and predicted data in each 0.1 interval.

Stata 13 software (StataCorp, 2013) was used for all the data management and statistical analyses, including merging relevant datasets into one single data set, applying
inclusion/exclusion criteria to the study population, selecting and recoding of all variables, and conducting univariable and multivariable analyses. The user-written Stata
command “betamix”, developed by Hernandez-Alava and Gray (2018), was used to
fit the two beta mixture models.

2.3
2.3.1

Results
Descriptive Statistics

Table 2.1 reports summary statistics of the outcome variable and all the covariates
from the CCHS Cycle 1.1 (2000-2001) and CCHS 2009-2010. The HUI3 values had a
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mean of 0.86 with a standard deviation of 0.201. Overall, the majority of respondents
in CCHS Cycle 1.1 were physically inactive (50.9%), had a post-secondary degree
(43.7%), drank regularly (56.8%), and lived in urban areas (77.4%). Respondents at
age of 11 to 19 (11.3%), 35 to 39 (10.6%) and 40 to 44 (9.9 %) accounted for more
than 30% of observations, followed by the age group of 45 to 49 (8.8%), 30 to 34
(8.3%), and 50 to 54 (7.8%). All other age groups had relatively small contributions
around 4% to 6%. The sample consisted of 57.2% female respondents. Households
earning $60,000 and over accounted for the most (41.6%), whereas those earning less
than $10,000 accounted for the least (3.5%). The rest of income groups ($10,000 to
$19,000, $20,000 to $29,999, $30,000 to $39,999, $40,000 to $49,999, and $50,000 to
$59,999) had similar proportions around 10% (11.8%, 11.7%, 11.4%, 10.2%, and 9.8%,
respectively). In terms of the smoker types, non-smokers made up 34.1%, followed by
current non-smoker who were former daily smokers (24.7%), daily smokers (21.6%),
and current non-smokers who were former occasional smokers (15.5%). Current occasional smokers who were former daily smokes and occasional smokers accounted for
2.5% and 1.6%, respectively. Most of the respondents had an ADG of 1, 2, 3 or 4,
making up more than 60%.

Descriptive statistics of CCHS 2009-2010 were qualitatively similar to that of CCHS
2000-2001 with a few exceptions. Similar to CCHS 2000-2001, the HUI3 values in
2009-2010 had a mean of 0.858 with a standard deviation of 0.2. In CCHS 20092010, 1.6% households earning less than $10,000, which was only about half of that in
CCHS 2000-2001. On the other hand, the proportion of high-income households such
as those earning more than $60,000 increased by more than 10% during the 10 years.
A similar change also occurred in the highest education level, with the proportion of
people holding a post-secondary degree increasing by 12%. Finally, the percentage
of people who never drank dramatically rose from 8.8% to 22.9%, and those who
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occasionally drank declined from 34.4% to 17.2%.

2.3.2

Univariate Analysis

The histograms for age groups, ADG, and HUI3 values are presented in figure 2.1.
Before fitting regression models, it was also useful to assess the marginal effects of the
10 predictors on the HUI3 values. Since all the predictors were categorical, one-way
analysis of variance (ANOVA) for each predictor was conducted to test if the mean
HUI3 values were different among the categories of a predictor. Table 2.2 shows the
F-statistic of each test and its corresponding p-value for both CCHS cycles.
Table 2.2: One-way ANOVA results for CCHS Cycle 1.1 and CCHS 2009-2010
Predictors

CCHS 2000–2001

CCHS 2009-2010

F statistic

p-value

F statistic

p-value

Age

98.91

< 0.001

111.06

< 0.001

Sex

37.74

< 0.001

78.56

< 0.001

Household income

289.22

< 0.001

384.14

< 0.001

Income quintile

66.08

< 0.001

70.95

< 0.001

Physical activity

257.53

< 0.001

563.85

< 0.001

Type of smoker

64.71

< 0.001

118.68

< 0.001

Type of drinker

220.38

< 0.001

225.73

< 0.001

Highest level of education

143.17

< 0.001

93.77

< 0.001

ADG score

125.44

< 0.001

124.25

< 0.001

1.03

0.31

0.02

0.90

Rurality

All of the p-values were found to be less than 0.001 except for rurality in both CCHS
cycles. The results suggested that for all the predictors except rurality, at least one
of the group means of HUI3 values were statistically significantly different from other
group means, holding constant all of the other predictors in the model. The p-values
for rurality were large (0.31 and 0.90), from which statistically insignificant results
may be expected from subsequent regression analyses.
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Figure 2.1: Histograms for age groups, ADG, and HUI3

2.3.3

Comparison of Model Fit

To select the best prediction model among all models, the performance of the fullmodels was assessed in terms of the empirical density of the fitted values, the mean
absolute error (MAE) and R2 calculated from 10-fold cross validation, and the common selection criteria such as AIC and BIC. MAE is a measure of the difference
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between observed and predicted values, and is calculated by:
P
M AE =

n

|observed − predicted|
.
n

R2 measures the proportion of the variance for a response variable explained by independent variables, and a greater value generally implies a better model fitting. AIC
and BIC are two closely related and commonly used information criteria for model
selection. The model with lower AIC and BIC is preferred. Tables 2.3 and 2.4 show
the values of all the statistics mentioned earlier for both CCHS Cycle 1.1 and CCHS
2009-2010:
Table 2.3: Model Selection criteria for full-models, CCHS Cycle 1.1 (2000-2001)
Linear Model

R2

0.1599

Tobit Model

0.1550

Beta Mixture Model

0.1573

Two-part Beta Mixture Model
Logistic Part

Beta Mixture Part

0.1384

0.1405

MAE

0.1290

0.1276

0.1307

0.3075

0.1287

AIC

-15926.21

1221946

-2666946

6701071

−3.85 × 107

BIC

-15508.07

1222373

-2665668

6701489

−3.85 × 107

Table 2.4: Model Selection criteria for full-models, CCHS 2009-2010
Linear Model

Tobit Model

Beta Mixture Model

Two-part Beta Mixture Model
Logistic Part

Beta Mixture Part

R2

0.1728

0.1684

0.1742

0.1402

0.1541

MAE

0.1279

0.1280

0.1296

0.2965

0.1269

AIC

-18278.96

1279159

-3552998

8233937

−4.77 × 107

BIC

-17856.82

1279589

-3551776

8234351

−4.77 × 107

In both CCHS cycles, the values of R2 and MAE for all models did not differ much.
Thus, these two statistics may not be good criteria for model selection. However,
there were considerable differences among models’ empirical densities of fitted value,
AIC, and BIC.
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For the CCHS Cycle 1.1 data, the Tobit model had the largest AIC and BIC values,
which suggests a relatively poor model fit. Also, the empirical density of Tobit model
significantly departed from that of the observed HUI3 values. For the CCHS 20092010 data, similar results were obtained: large positive AIC and BIC, and an empirical
density that was significantly departed from that of the observed HUI3 (figure 2.2).
Therefore, the Tobit model does not seem to be the best model for the HUI3 data.

Figure 2.2: Tobit Model Predictions

As shown in table 2.3, for the CCHS Cycle 1.1 data, linear model presented much
smaller AIC and BIC compared to the Tobit model. However, figure 2.3 shows that
the empirical density was still quite different from that of the observed HUI3 values.
The linear model assumptions were also assessed. First, the normality assumption
was assessed by a non-parametric estimate of the distribution of the residuals and
a quantile-quantile (Q-Q) plot, in which a departure from normal distribution was
observed. The Sharpiro-Wilk test for normal data also produced a statistically significant p-value (< 0.000), suggesting no evidence that the data came from a normally
distributed population. Second, the constant variance assumption was assessed by the
residual versus fitted values. The residuals were not evenly spread around y = 0, which
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suggested the presence of heteroscedasticity. Finally, the degree of multi-collinearity
was assessed by the variance inflation factor (VIF). According to O’Brien (2007),
there is evidence of multi-collinearity if the largest VIF is greater than 10 (or 30, if
being more conservative), and if the mean VIF is considerably greater than 1. In
CCHS 2000-2001, most of the VIFs fell between 1 to 4, with one VIF (household
income > 60,000) being 10.32. The mean VIF was obtained to be 2.4. Thus, there is
no evidence of severe multi-collinearity..

For the CCHS 2009-2010 data, the same procedure was followed, and the findings
were as follows: the empirical density is different from that of the observed HUI3
values. There was an obvious departure from normal distribution, and the p-value of
the Sharpiro-Wilk test was statistically significant (< 0.000). The residuals were not
evenly spread around y = 0. The mean VIF was obtained to be 2.23, with only the
VIF of household income > 60,000 being slightly greater than 10. Therefore, linear
model is also not the best model to fit HUI3 data, but I did not detect severe evidence
of multi-collinearity.

Compared to linear and the Tobit model, both beta-based mixture models have relatively smaller AICs and BICs, but are not directly comparable. Thus, their empirical
densities of fitted values were plotted to see which model mimicked the observed
HUI3 values the most. As shown in figure 2.4, the single-part beta mixture model
was not able to predict perfect health states (HUI3 value of 1). On the other hand,
the two-part beta mixture model shown in 2.5 was guaranteed to predict HUI3 of 1,
as the optimal cut-off probability was determined based on the ROC curve of the logistic model, and a HUI3 of 1 was assigned to individuals with predicted probabilities
greater than the cut-off point. Therefore, the two-part beta mixture model performed
better than the single-part beta mixture model. In conclusion, based on AIC, BIC,
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Figure 2.3: Linear Model Predictions and Assessments
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and empirical density of fitted values, I find that the two-part beta mixture model
performs better than all other candidate models, and is an adequate model to predict
the HUI3 values for all of the Ontario residents.

Figure 2.4: Single-Part Beta Mixture Model Predictions

Figure 2.5: Two-Part Beta Mixture Model Predictions

2.3.4

Regression Results

The regression coefficients of two-part beta mixture regression models for the fulland reduced-model are presented in tables 2.5, 2.6, 2.7, and 2.8 at the end of the
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chapter. The estimates of linear model, Tobit model, and single-part beta models can
be found in appendix A (table A.2, A.3, A.4, and A.5).

The CCHS Cycle 1.1 (2000 - 2001)
The two-part beta mixture model results shown in table 2.5 consisted of two separate models: a logistic model and a beta mixture model with two components. The
logistic model quantified the impact of the covariates on whether an individual had
a perfect health state (HUI3 = 1). For individuals aged 20 to 24, the odds of having
perfect health state is 1.287 (CI: 1.007, 1.644) times as large as that of individuals
aged 11 to 19. Individuals aged 25 to 39 also had odds of having perfect health state
greater than 1 compared to those aged 11 to 19, but no statistical significance was
found. Starting from the age of 40, the odds ratios became less than one and were
decreasing, suggesting that the odds of having perfect health decreased as individuals
getting older. For instance, compared to those aged 11 to 19, individuals from 50 to
54 were associated with roughly 78% (CI: .691, .840) reduction in the odds of having
perfect health, whereas for individuals over 80 the reduction in odds became 90% (CI:
.932, .827).

The odds of having a perfect health state for males is greater than that of females by
a factor of 1.194 (CI: 1.077, 1.323). The odds of having perfect health was found to be
greater by a factor of 1.204 (CI: 1.009, 1.435) for individuals with a secondary degree
compared to those with a degree less than secondary school. No statistically significant difference was found between the reference group and individuals with other
levels of education. Compared to physically inactive individuals, the odds of having perfect health was greater by a factor of 1.278 (CI: 1.130, 1.445) for moderately
active individuals, and by a factor of 1.458 (CI: 1.295, 1.642) for active individuals,
respectively. Compared to individuals who never smoked, the odds of daily smokers
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having perfect health was significantly lower by a factor of 0.724 (CI: .624, .840), and
that of current non-smoker but former occasional smoker was also significantly lower
by a factor of 0.825 (CI: .713, .955). None of the other types of smokers was found
to have statistically significantly odds of having perfect health. In terms of drinking
behaviour, the odds of having perfect health for occasional drinkers was found to be
significantly lower than that of individuals who never drank by a factor of 0.766 (CI:
.628, .935), but no significant difference was detected among regular drinkers. Lastly,
as ADGs increased, the odds of having perfect health compared to the reference group
were decreasing, regardless of their statistical significance. Since ADG variable had
many levels but the statistical significance appeared in certain levels without any
pattern, I conducted a F-test to test the overall significance of ADG, and obtained a
p-value of 0.0001, suggesting that ADG was negatively significantly associated with
the odds of having perfect health.

The full beta mixture model quantified the association between continuous HUI3 values and the predictors. In the estimation sample, the first component was estimated
to have a mixing probability of 0.618 (CI: .594, .641), a mean HUI3 values of 0.845,
and a precision parameter φ = 1.38 (CI: 1.32, 1.44), whereas the second component
had a mixing probability of 0.382 (CI: .359, .406), a mean HUI3 values of 0.917, and
a much less dispersed variance (φ = 28.29, CI: 22.77, 35.16).

As shown in table 2.5, the direction of the association in the beta mixture part can
be found from the regression estimates. However, it was not appropriate to interpret the regression coefficients as odds ratios since the HUI3 values are continuous
(Hernandez-Alva and Gary, 2018). Instead, the magnitude of the association were estimated by the average marginal effects, which quantified the association of a discrete
change from the reference group to another group of a single explanatory variable on

45

the response variable, holding all other explanatory variables at their observed value
(Norton and Dowd, 2018). Table 2.9 at the end of this chapter presented the average
marginal effects of each predictor on HUI3.

Compared to individuals aged 11 to 19, those aged 20 to 24, 25 to 29, and 30 to 34
had slightly higher HUI3 values on average, and those aged 35 to 39 and 40 to 44
had slightly lower HUI3 values on average, but none of the marginal effects of these
age groups were found to be statistically significant. Starting from 45, there was a
roughly decreasing trend in average HUI3 values as age increased. The HUI3 values
of those aged 45 to 49 were on average 0.027 (CI: -.037, -.018) smaller than that of
those aged 11 to 19, whereas for elders like those over 80, the average reduction in
HUI3 values compared to individuals aged 11 to 19 was 0.105 (CI: -.125, -.084). No
significant difference in the marginal effect between males and females was detected.
In general, households with higher income were associated with higher average HUI3
values. For instance, compared to households earning less than $10,000, those earning
$20,000 to $29,999 have 0.016 (CI: .001, .031) higher HUI3 values on average, and
those earning more than $60,000 have 0.030 (CI: .016, .045) higher HUI3 values on
average. No statistically significant difference in the average HUI3 values was found
for those with household income of $10,000 to $19,999.

Although people with all types of degrees report significantly higher HUI3 values on
average than those with less than secondary school degree did, there was no evidence
suggesting a positive gradient between education levels and the HUI3 values. Specifically, compared to those with less than secondary school degree, the HUI3 value was
0.021 (CI: .013, .028) higher on average among individuals with a secondary school
degree, whereas it was only 0.011 (CI: .003, .020) higher on average among those
with other post-secondary degrees. Physical activity was found to be positively asso-
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ciated with HUI3 values with statistical significance. The HUI3 values of active and
moderately active individuals were 0.014 (CI: .010, .018) and 0.013 (CI: .009, .017)
higher on average, respectively, than that of inactive individuals. I also found that
compared to individuals who never smoked, the HUI3 values of daily smokers were
on average 0.022 (CI: -.028, -.016) smaller, and that of current non-smokers (formal
occasional) was on average 0.007 (CI: -.012, -.002) smaller. Statistical significance was
only found among these two types of smoker. Similarly, compared to individuals who
never drank, the HUI3 values of occasional drinkers were on average -0.011 (CI: -.019,
-.004) smaller with statistical significance, but the difference among regular drinkers
was not found to be significant. Lastly, as the ADG score increases, I observed an
overall decreasing trend in the HUI3 values on average, suggesting that people are
expected to be less healthy as the number of the simultaneous presence of chronic
conditions increases.

The CCHS 2009 - 2010
The two-part beta mixture model was applied to the CCHS 2009 - 2010 data again,
and the regression results were quite similar to that of the CCHS Cycle 1.1 for both
logistic parts and beta mixture parts (table 2.7). Individual magnitudes of a specific
coefficient may be slightly different between the results of two cycles, but qualitatively they were similar with a few exceptions. For instance, the odds of males having
perfect health was found to be significantly greater than that of females in the CCHS
2000-2001, but no statistically significant odds ratio was detected between males and
females in the CCHS 2009-2010. Another exception was that, in the beta mixture
part, the marginal effect of education on the HUI3 values increased as education level
increased in the CCHS 2009-2010, whereas in the CCHS 2000-2001 there was no such
gradient found between education levels and HUI3 values. Despite the minor differences noted above, the results obtained from two CCHS cycles were qualitatively
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Table 2.10: Comparing the fit of full-model and the reduced-model, CCHS Cycle 1.1
(2000-2001)
Likelihood Ratio Test
Full logistic model

AIC

BIC

6701071

6701489

p< 0.001
Reduced logistic model

6786106

−3.85 × 107

−3.83 × 107

−3.83 × 107

−3.85 × 10

Full beta mixture model
p< 0.001
Reduced beta mixture model

6786380
7

similar in terms of the direction and magnitude of the associations, the statistical
significance, as well as the overall trends of the change in HUI3 values corresponding
to a predictor.

Note that the purpose of this study was to predict individuals’ HUI3 values rather
than to make inference on regression estimates. Thus, the discussion of the coefficients
and marginal effects only aims to show that the model produces reasonable estimates,
and no variables were excluded according to their statistical significance, as they can
still contribute to prediction accuracy.

Likelihood Ratio Tests
Since the full- and the reduced-model were nested, the likelihood ratio tests were
conducted for both CCHS cycles to compare their goodness of fit. Each model’s AIC
and BIC were also calculated as complementary evidence for model selection (table
2.10 and 2.11).
As shown in table 2.10 and 2.11, the p-values for both the logistic parts and the beta
mixture parts were less than 0.001, suggesting strong statistical evidence that the fullmodel fitted the data better than the reduced-model. Furthermore, the AIC and BIC
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Table 2.11: Comparing the fit of full-model and the reduced-model, CCHS 2009-2010
Likelihood Ratio Test
Full logistic model

AIC

BIC

8233937

8234351

8377805

8378073

−4.76 × 107

−4.76 × 107

−4.73 × 107

−4.73 × 107

p< 0.001
Reduced logistic model
Full beta mixture model
p< 0.001
Reduced beta mixture model

of both parts in the full-models were smaller than that of the reduced-models, which
also corroborated that the full-models had a better fit. Moreover, the full-model is
consistent with the set of predictors commonly recognized as important determinants
of health status in the existing literature. Thus, the reduced-model should not be
directly applied to make predictions.

2.3.5

Model Calibration

Calibration was done separately for the logistic part and the beta mixture part, as
described below.

Calibration for the Logistic Part
The full and reduced logistic models can be expressed as:

Ŷf ull = log

Ŷreduced

10
 P r(HU I3 = 1) 
X
=α+
βi xi ;
1 − P r(HU I3 = 1
i=1

5
 P˜r(HU I3 = 1) 
X
= log
= α̃ +
β̃j x̃j ,
1 − P˜r(HU I3 = 1)
j=1

where Yf ull and Yreduced represented the linear predictors for the full- and reducedmodel, respectively. Since the data points were not scattered around 45◦ -line but were
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in a linear trend, the reduced logistic model can be calibrated by fitting the linear
model Yf ull = γ̂ + ζ̂Yreduced + , and the calibrated value can be obtained from the
model Ycali = γ̂ + ζ̂Yreduced . Note that γ̂ is called calibration intercept and ζ̂ is called
the calibration slope. The regression estimates of the calibration models are reported
in table 2.12.

Table 2.12: Regression results of calibration models (logistic parts)
CCHS Cycle 1.1 (2000-01)
β (S.E)

95% C.I.

Yreduced

1.011305 (.0027611)

Constant

-.0042855 (0045866)

CCHS 2009-10
β (S.E)

95% C.I.

**(1.005893, 1.016717)

1.019602 (.0037686)

**(1.012215, 1.026988)

(-.0132756, .0047047)

-.0033637 (.0062243)

(-.0155638, .0088363)

2
2
R2000−01
= 0.9268; R2009−10
= 0.8825

* = p<0.05; ** = p<0.01

Then, the calibrated probabilities of the reduced logistic model, pcal , can be obtained
as follows:
Yf ull = γ̂ + ζ̂Yreduced + 
Ycali = γ̂ + ζ̂Yreduced
 p

  p̃ 
cal
log
= γ̂ + ζ̂ log
1 − pcal
1 − p̃
h
  p̃ i
pcal
= exp γ̂ + ζ̂ log
,
1 − pcal
1 − p̃
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and finally, pcal can be expressed as:
 p̃ i
h
i
exp γ̂ + ζ̂ log
exp
γ̂
+
ζ̂Y
reduced
1 − p̃
h
i.
=
h
  p̃ i =
1 + exp γ̂ + ζ̂Yreduced
1 + exp γ̂ + ζ̂ log
1 − p̃
h

pcal



Figure 2.6 shows the predicted probabilities from the full logistic model versus the
probability after calibration. Table 2.13 presents the summary statistics for the probabilities before and after calibration. Although the graphs only showed minor changes
between probabilities before and after calibration, the summary statistics suggested
that the calibrated probability successfully mimicked the predicted probability from
the full logistic model.

Figure 2.6: Calibration Results for Logistic Parts

Calibration for the Beta Mixture Part
The calibration process for the beta mixture model is similar to that of the logistic
model. However, since it was difficult to obtain a combined linear predictor for the
mixture model in terms of a single set of calibration slope and intercept, the actual
predicted HUI3 values for each component of the full and reduced beta mixture model
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Table 2.13: Full-model prediction v.s. calibration: logistic part
CCHS Cycle 1.1 (2000-01)

CCHS 2009-10

Probabilities (HUI3=1)

Mean (S.D.)

Mean (S.D.)

Full logistic model

0.235 (0.158)

0.230 (0.161)

Before calibration (reduced-model)

0.237 (0.150)

0.233 (0.149)

After calibration

0.235 (0.150)

0.229 (0.150)

were used instead of the linear predictions. The details of the calibration process for
the beta mixture parts are as follows:
1. Obtain the predicted values for each component of the full- and reduced-model
using “outcome(all)” option in ‘the ‘betamix” command, denoted as B10,1 , B10,2 ,
and B5,1 , B5,2 , respectively.
2. Plot B10,1 versus B5,1 and B10,2 versus B5,2 .
3. Obtain the calibration slope and intercept for each component from the regression results, denoted as γˆ1 , ζˆ1 , and γˆ2 , ζˆ2 , respectively.
4. Obtain the calibrated value from:
Bcali,1 = γˆ1 + ζˆ1 B5,1
Bcali,2 = γˆ2 + ζˆ2 B5,2
5. Pool the calibrated values by their mixing probabilities.
For the first component in the beta mixture model, the data points presented a clear
linear trend. For the second component, there were two distinct clusters of data
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points, both of which presented a linear trend. Thus, a single calibration model was
constructed for the first component, and a calibration model was constructed for each
data cluster in the second component. Shown in tables 2.14 and 2.15 are the regression results of the calibration models. Shown in figure 2.7 are the predicted HUI3
values from the full beta mixture model versus the calibrated HUI3 values. Finally,
table 2.16 presents the summary statistics of HUI3 values from the full model and
the reduced model, and the calibrated HUI3 values.

Figure 2.7: Calibration Results for Beta Mixture Parts

Table 2.14: Regression results of the calibration model (beta mixture part, 1st component)
CCHS Cycle 1.1 (2000-01)

CCHS 2009-10

β (S.E)

95% C.I.

β (S.E)

95% C.I.

B5,1

.9813841 (.005398)

**(.9708037, .9919645)

.9734498 (.0120207)

**(.9498884, .9970112)

Constant

.016483 (.0047957)

**(.0070832)

.0230895 (.0105776)

**(.0023568, .0438222)

2
2
R2000−01
= 0.8683; R2009−10
= 0.7874

* = p<0.05; ** = p<0.01
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Table 2.15: Regression result of the calibration model (beta mixture part, 2nd component)
CCHS Cycle 1.1 (2000-01)
β (S.E)

95% C.I.

B5,2,1

1.612864 (.3668785)

Cosntant

CCHS 2009-10
β (S.E)

95% C.I.

**(.8759667, 2.349761)

.7097505 (.0293053)

**(.6519287, .7675722)

.7940108 (.0193298)

**(.7551857, .8328359)

.579565 (.0125416)

**(.5548193, .6043107)

B5,2,2

1.042018 (.0080133)

**(1.026378, 1.057783)

1.089504 (.0472876)

**(.9968177, 1.182191)

Constant

-.0404647 (.0074238)

**(-.0550159, -.0259134)

-.0844006 (.044192)

(-.17102, .0022188)

First data cluster

Second data cluster

2
2
First data cluster: R2000−01
= 0.3056; R20009−10
= 0.8836
2
2
Second data cluster: R2000−01
= 0.6460; R20009−10
= 0.5662

* = p<0.05; ** = p<0.01

Table 2.16: Full-model prediction vs. calibration: beta mixture part
CCHS Cycle 1.1 (2000-01)

CCHS 2009-10

HUI3 Values

Mean (S.D.)

(Min, Max)

Mean (S.D.)

(Min, Max)

Full beta mixture model

0.869 (0.073)

(0.312, 0.944)

0.872 (0.063)

(0.219, 0.952)

Before calibration (reduced-model)

0.877 (0.054)

(0.363, 0.933)

0.873 (.058)

(.338, 0.937)

2

0.867 (0.059)

(0.509, 0.934)

0.864 (0.063)

(0.233,0.933)

After calibration
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Table 2.16 showed that for both cycles the calibrated values almost mimicked the
predicted values from the full-model, except that the calibrated values of CCHS 20002001 had a greater minimum value, or a narrower range. To investigate if this was
an issue, the proportions of predicted values less than the minimum calibrated values
were calculated: there were 214 data points in the predicted value being smaller than
the minimum calibrated values, which accounted for less than 1% of the respondents.
Therefore, the disparity was ignored between the predicted and calibrated values.
The summary statistics also suggested that the mean and/or standard deviation of
the calibrated values became closer to that of the full-model prediction compared to
that of the reduced-model prediction. Therefore, the calibration for the beta mixture
part was reasonably successful.

2.3.6

Prediction and Validation for Ontario Residents in Health Administrative Data

This section presents the actual prediction for all of the non-institutionalized Ontario
residents. Based on the results shown previously, it was assumed that the health
administrative data had similar distributional features to the CCHS data on HUI3.
The predicted HUI3 values for the Ontario residents were obtained as follows:
1. Predict the probability of reporting a perfect health state (HUI3 = 1).
2. Determine an optimal cut-off point for the predicted probabilities, and any
individual with a predicted probability greater than the cut-off point received
a HUI3 value of one.
3. Predict the continuous HUI3 values for those whose predicted probabilities were
not one.

2

The calibrated values are also adjusted by the observed HUI3 values at the end of the calibration
process.
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The cut-off points were chosen based on the ROC curve of the full logistic models. As
shown in figure 2.8, the optimal cut-off probability for both cycles fall between 0.35 to
0.4. The percentages of the observed HUI3 being one were 23.3% in CCHS 2000-2001
and 22.2% in CCHS 2009-2010. After calculations, the optimal cut-off probability was
chosen to be 0.39 so that the final predictions in the administrative data contained
similar percentages of HUI3 being one (25.5% in 2000-2001 and 22.0% in 2009-2010).
Figure 2.9 shows the histograms and estimated densities of the actual prediction in
administrative data. Table 2.17 presents the corresponding summary statistics.

Figure 2.8: ROC Curves of the logistic models

Table 2.17: Descriptive statistics for prediction in health administrative data
Mean (S.D.)

Min

Max

2000-2001

0.897 (0.078)

0.503

1

2009-2010

0.902 (0.078)

0.530

1
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Figure 2.9: Predictions in Health Administrative Data

Validation
For validation, I first compared descriptive statistics between the observed and the
predicted HUI3 values. In the CCHS 2000-2001, the mean of observed values was
0.860 with a standard deviation of 0.201, and that of the predicted values was 0.897
with a standard deviation of 0.078. The CCHS 2009-2010 had quite similar descriptive statistics, where the mean of observed values was 0.858 with a standard deviation
of 0.2, and that of predicted values was 0.869 with a standard deviation of 0.074. By
comparing the observed and predicted statistics in each cycle, I found that both had
a similar mean. However, the observed standard deviations were greater than the
predicted ones, as the two-part beta model was not able to predict smaller HUI3
values.

Second, I calculated the percentages of observed and predicted data falling in each
0.1 interval. By comparing the difference or similarity of the two percentages I could
roughly know how accurately the prediction results were. As shown in table 2.18,
the two-part beta mixture model could not predict values between 0 and 0.503 in
2000-2001 and between 0 and 0.530 in 2009-2010. The model tended to underpredict
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smaller HUI3 values less than 0.7 and over-predict larger HUI3 values between 0.8
and 0.9. The prediction accuracy reached the highest when the HUI3 values were
between 0.7 and 0.8 and equal to 1 with errors of less than 2%. Lastly, the percentage
of predicted values was smaller than that of the observed values between 0.9 and 1,
which could be a result of underprediction, or was possibly because some of the values
close to 1 were classified as 1 according to the cut-off probability.

In short, predictions for individual subjects were not perfectly accurate. However, the
model was able to predict the average-level HUI3 values with reasonable accuracy.

Table 2.18: Percentages of observed and predicted data for each 0.1 interval
[0, min)

[min, 0.6)

[0.6, 0.7)

[0.7, 0.8)

[0.8, 0.9)

[0.9,1)

1

Obs% (mean)

8.32 (.30)

2.10 (.56)

5.13 (.65)

6.96 (.75)

10.21 (.85)

43.95 (.95)

23.33

Pred% (mean)

-

0.19 (.57)

1.29 (.67)

8.50 (.76)

39.90 (.86)

24.59 (.91)

25.53

Obs% (mean)

8.78 (.32)

1.64 (.57)

5.73(.65 )

7.03 (.75)

10.37 (.85)

44.23 (.95)

22.22

Pred% (mean)

-

0.20 (.58)

1.44(.67)

6.14 (.76)

44.42 (.86)

25.82 (.91)

21.98

2000-2001

2009-2010

2.4

Discussion

In this chapter, prediction models for the HUI3 value were constructed using four
types of regression models: linear model, the Tobit model, single-part beta mixture
model, and two-part beta mixture model using the CCHS data. Based on R2 , MAE,
empirical density, and AIC and BIC information criteria, the two-part beta mixture
model was found to perform the best among all the candidate models. This model
was used for prediction with ten predictors using the CCHS data, and with five predictors available for Ontario’s health administrative data. According to likelihood
ratio tests, I found that the full-models fitted the data much better than the reducedmodels. Therefore, I adjusted the prediction of reduced-model by calibration and
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managed to mimic the prediction of the full-model in terms of both empirical density
and summary statistics.

To validate the prediction model, I compared the proportions of observed and predicted data falling in each 0.1 interval, and found that the two-part beta mixture
model tended to underpredict smaller HUI3 values less than 0.7 and over-predict
larger HUI3 values between 0.8 and 0.9. The prediction accuracy reached the highest
when the HUI3 values were between 0.7 and 0.8 and equal to 1. Nonetheless, the
proposed model can only predict with reasonable accuracy for certain intervals of
observed HUI3 data. Predictions for individual subjects were not perfectly accurate.
Thus, the prediction model I proposed in this study should not replace the use of
primary data collection on HUI3 data or other instruments to construct HRQOL.

2.5

Conclusions and Limitations

This chapter provides a statistical method to predict HUI3 values in health administrative datasets. Based on several common criteria, the two-part beta mixture model
performs very well. To my knowledge, this is the first study that has attempted to
predict HUI3 values using the two-part beta mixture regression model. Given the fact
that only a few datasets contain preference-based measures to construct HRQOL, the
model-based prediction of HUI3 in this study is an important step towards establishing relationships between observed and predicted HUI3 values from other datasets
containing both types of information.

This study has several limitations. First, I eliminated all the negative HUI3 values
and only used those between 0 and 1, because beta distribution has a constraint on its
boundary values. Second, some decisions I made along the way were rather subjective
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and data-driven. For example, when doing model calibration for multiple parts of the
second component in beta mixture model, I had to decide how to separate the data
solely based on its scatter plot. I also used an exact cut-off probability for logistic
model such that the proportion of one in predicted HUI3 values is as close as that
in observed HUI3 values, as the ROC curve only shows a range of optimal cut-off
probabilities. The consequence is that these results may not be generalizable to other
studies. Lastly, only survey weights were applied in the analysis due to the technical
difficulty that the “betamix” command was not supported by “svy” prefix command
with balanced repeated replication variance estimation (“vce(brr)”).
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Table 2.1: Baseline characteristics of patients in 2000-2001 and 2009-2010
Characteristic

CCHS 2000-2001

Admin 2000-2001

CCHS 2009-2010

Admin 2009-2010

(n=22952)

(n=9,328,890)

(n=24790)

(n=11,195,095)

0.860 ± 0.201

-

0.858 ±0.200

-

11 to 19 (ref )

11.3

23.8

10.9

22.4

20 to 24

5.1

6.2

5.1

6.5

25 to 29

6.4

6.5

6.0

6.3

30 to 34

8.3

7.5

6.5

6.4

35 to 39

10.6

9.0

7.6

7.0

HUI3 (Mean ± SD)
Age (%)

40 to 44

9.9

8.7

7.3

7.6

45 to 49

8.8

7.7

6.5

8.6

50 to 54

7.8

7.0

7.7

7.8

55 to 59

6.3

5.3

8.9

6.7

60 to 64

5.8

4.4

8.9

5.9

65 to 69

5.7

4.0

7.3

4.4

70 to 74

5.3

3.7

6.1

3.5

75 to 79

4.5

3.0

5.2

2.9

80 and over

4.2

3.2

6.1

4.0

Female (ref )

57.2

53.0

55.2

52.2

Male

42.8

47.0

44.8

47.8

1st (ref )

19.7

19.8

18.5

18.4

2nd

20.1

20.3

20.0

19.6

3rd

20.3

20.4

20.2

20.4

4th

20.4

19.9

21.0

21.4

5th

19.5

19.6

20.3

20.2

Yes (rural) (ref )

22.5

13.2

19.3

10.6

No (urban)

77.5

86.8

80.6

89.4

1 (ref )

16.5

16.9

19.4

17.1

0

7.4

8.2

11.1

12.4

2

18.0

18.2

17.0

17.5

3

16.1

16.1

15.2

15.3

4

13.1

12.8

12.5

12.0

5

9.7

9.4

9.1

8.7

6

6.8

6.6

6.7

6.1

7

4.6

4.4

4.5

4.1

8

3.0

2.9

2.9

2.7

Sex (%)

Income Quintile (%)

Rurality (%)

ADG (%)
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9

1.9

1.8

1.9

1.7

10

1.2

1.1

1.3

1.0

11

0.8

0.7

0.8

0.6

12

0.4

0.4

0.4

0.4

13

0.2

0.2

0.2

0.2

14+

0.3

0.3

0.3

0.2

3.5

-

1.6

-

Household Income (%)
< $10,000 (ref )
$10,000 to $19,999

11.8

-

8.2

-

$20,000 to $29,999

11.7

-

9.4

-

$30,000 to $39,999

11.4

-

10.2

-

$40,000 to $49,999

10.2

-

9.7

-

$50,000 to $59,999

9.8

-

8.8

-

> $60,000

41.6

-

52.1

-

Highest Education (%)
Less than secondary school (ref )

29.5

-

21.8

-

Secondary school

19.6

-

16.7

-

Some post-secondary

7.2

-

6.8

-

Post-secondary degree

43.7

-

54.7

-

inactive (ref )

50.9

-

46.5

-

Active

24.6

-

28.1

-

Moderate activate

24.5

-

25.4

-

Physical Activity Index (%)

Type of smoker (%)
Non-smoker (ref )

34.1

-

40.6

-

Daily smoker

21.6

-

14.8

-

Occasional (former daily)

2.5

-

2.6

-

Always occa. smoker

1.6

-

1.3

-

Non-smoker (former daily)

24.7

-

25.2

-

Non-smoker (former occa.)

15.5

-

15.4

-

Never drank (ref )

8.8

-

22.9

-

Regular drinker

56.8

-

59.9

-

Occasional drinker

34.4

-

17.2

-

Type of drinker (%)

1.231
1.084
.800
.424
.223
.227
.169
.120
.127
.148
.108

30 to 34

35 to 39

40 to 44

45 to 49

50 to 54

55 to 59

60 to 64

65 to 69

70 to 74

75 to 79

80 and over

Male

Female (ref )
1.194

-

1.259

25 to 29

Sex

1.287

-

O.R.

20 to 24

11 to 19 (ref )

Age

Predictors

* *(1.077, 1.323)

-

**(.068, .173)

**(.099, .220)

**(.082, .199)

**(.086, .167)

**(.118, .243)

**(.168, .307)

**(.160, .309)

**(.332, .550)

*(.642, .997)

(.875, 1.343)

(.980, 1.546)

(.997, 1.590)

*(1.007, 1.644)

-

95% C.I.

Logistic Part

.069

-

-1.327

-1.091

-1.010

-1.034

-.971

-.839

-.864

-.557

-.206

-.034

.040

.032

.044

-

β

**(.018, .119)

-

**(-1.515, -1.139)

**(-1.271, -.911)

**(-1.193, -.826)

**(-1.175, -.894)

**(-1.143, -.798)

**(-.985, -.693)

**(-1.017, -.711)

**(-.687, -.426)

**(-.317, -.095)

(-.138, .071)

(-.067, .147)

(-.077, .141)

(-.064, .151)

-

95% C.I.

1st Cpnt.

-.090

-

.196

.210

.480

.339

.446

.384

.333

.265

.153

.033

.033

.064

.006

-

β

**(-.143, -.037)

-

(-.101, .493)

**(.087, .508)

**(.321, .639)

**(.185, .493)

**(.307, .585)

**(.238, .531)

**(.192, .475)

**(.125, .406)

*(.013, .292)

(-.112, .179)

(-.103, .170)

(-.085, .212)

(-.161, .173)

-

95% C.I.

2nd Cpnt.

Beta Mixture Part

Table 2.5: Regression results of two-part beta mixture model for CCHS Cycle 1.1 (2000-2001), full prediction model
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1.123
1.097

4th

5th

1.172
1.054
1.195
1.292

$30,000 to $39,999

$40,000 to $49,999

$50,000 to $59,999

> $60,000

1.015

Post-secondary degree

1.278

Moderate active

Type of smoker

1.458

Active

inactive (ref )

-

.844

Some post-secondary

Physical Activity Index

1.204

Secondary school

< secondary school (ref )

-

1.026

$20,000 to $29,999

Highest Education

.809

$10,000 to $19,999

< $10,000 (ref )

Household Income
-

.969

3

.973

rd

-

2nd

1st (ref )

Income Quintile

**(1.130, 1.445)

**(1.295, 1.642)

-

(.861, 1.197)

(.678, 1.051)

*(1.009, 1.435)

-

(.925, 1.806)

(.835, 1.709)

(.737, 1.508)

(.819, 1.677)

(.708, 1.487)

(.556, 1.177)

-

(.921, 1.307)

(.946, 1.332)

(.812, 1.156)

(.814, 1.163)

-

.155

.199

-

.146

.070

.208

-

.389

.362

.251

.263

.188

.001

-

.036

.079

.009

-.005

-

**(.096, .213)

**(.141, .257)

-

**(.060, .231)

(-.037, .178)

**(.114, .301)

-

**(.233, .546)

**(.194, .530)

**(.081, .420)

**(.095, .430)

*(.014, .361)

(-.178, .180)

-

(-.050, .121)

(-.005, .163)

(-.077, .095)

(-.092, .081)

-

.069

.019

-

.295

.201

.189

-

.039

-.085

.045

.031

.028

-.177

-

.024

-.040

.056

.048

-

*(.008, .131)

(-.048, .085)

-

**(.190, .399)

**(.071, .331)

**(.081, .297)

-

*(-.188, .265)

(-.325, .155)

(-.194, .284)

(-.201, .264)

(-.204, .259)

(-.445, .090)

-

*(-.066, .114)

(-.132, .051)

(-.034, .147)

(-.044, .139)

-
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1.077
.717
.895
.825

Occasional (former daily)

Always occa. smoker

Non-smoker (former daily)

Non-smoker (former occa.)

.766

Occasional drinker

.991
.821
.876
.826
.816
.658
.785
.486
.555

2

3

4

5

6

7

8

9

-

.951

0

1 (ref )

ADG

No (urban)

Yes (rural) (ref )

-

.881

Regular drinker

Rurality

-

Never drank (ref )

Type of drinker

.724

-

Daily smoker

Non-smoker (ref )

*(.324, .951)

**(.328, .719)

(.572, 1.076)

**(.516, .837)

*(.667, .999)

*(.690, .989)

(.741, 1.035)

*(.702, .960)

(.812, 1.209)

-

(.855, 1.058)

-

**(.628, .935)

(.719, 1.079)

-

*(.713, .955)

(.769, 1.041)

(.505, 1.019)

(.802, 1.447)

**(.624, .840)

-

-.566

-.584

-.400

-.341

-.232

-.163

-.099

-.090

.022

-

-.013

-

-.164

-.040

-

-.086

-.022

-.173

-.040

-.233

-

**(-.831, -.301)

**(-.773, -.394)

**(-.562, -.239)

**(-.459, -.223)

**(-.333, -.130)

**(-.251, -.076)

**(-.175, -.024)

*(-.165, -.015)

(-.065, .109)

-

(-.066, .040)

-

**(-.265, -.062)

(-.145, .065)

-

*(-.154, -.018)

(-.097, .054)

*(-.342, -.003)

(-.174, .094)

**(-.308, -.157)

-

-.226

-.185

-.176

-.157

-.105

-.022

-.070

.002

.030

-

-.016

-

.002

-.010

-

-.047

-.034

-.037

-.122

-.163

-

(-.465, .012)

(-.415, .044)

(-.407, .056)

*(-.295, -.019)

(-.216, .005)

(-.128, .084)

(-.149, .009)

(-.070, .074)

(-.061, .120)

-

(-.070, .038)

-

(-.124, .129)

(-.130, .111)

-

(-.123, .029)

(-.105, .036)

(-.258, .184)

(-.281, .037)

**(-.243, -.082)

-
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.232
.521
.290

12

13

14
**(.372, .823)

(.055, 1.538)

(.187, 1.452)

*(.054, .999)

**(.120, .575)

(.314, 1.159)

2.103

-.657

-.961

-.916

-.841

-.552

**(1.913, 2.293)

**(1.361, .048)

**(-1.517, -.404)

**(-1.442, -.389)

**(-1.112, -.569)

**(-.869, -.234)

2.214

.122

-.561

-1.658

-.135

-1.065

Abbreviations: Cpnt. = component. Prob. = probability. Ref = reference group. Occa. = occasional.

Mixing probabilities: component 1 (0.618); component 2 (0.381).

Statistically significant results: * = p<0.05; ** = p<0.01.

.553

.262

11

Constant

.603

10

**(1.931, 2.497)

(-.888, 1.131)

*(-.956, -.167)

*(-3.081, -.235)

(-.418, .147)

*(-1.659, -.472)
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1.093
.952
.712
.375
.198
.200
.146
.103
.106
.118
.080

30 to 34

35 to 39

40 to 44

45 to 49

50 to 54

55 to 59

60 to 64

65 to 69

70 to 74

75 to 79

80 and over

Female (ref )

-

1.117

25 to 29

Sex

1.140

-

O.R.

20 to 24

11 to 19 (ref )

Age

Predictors

-

**(.051, .126)

**(.081, .173)

**(.070, .161)

**(.076, .139)

**(.104, .204)

**(.151, .265)

**(.147, .268)

**(.304, .462)

**(.599, .846)

(.805, 1.125)

(.911, 1.312)

(.923, 1.352)

(.928, 1.401)

-

95% C.I.

Logistic Part

-

-1.482

-1.209

-1.081

-1.079

-.990

-.811

-.821

-.507

-.156

.007

.090

.083

.073

-

β

-

**(-1.651, -1.313)

**(-1.368, -1.049)

**(-1.245, -.916)

**(-1.199, -.959)

**(-1.153, -.827)

**(-.947, -.674)

**(-.964, -.679)

**(-.620, -.395)

**(-.240, -.072)

(-.070, .084)

*(.011, .169)

(-.002, .167)

(-.012, .158)

-

95% C.I.

1st Cpnt.

-

.222

.405

.542

.437

.569

.531

.486

.411

.305

.201

.199

.247

.144

-

β

-

(-.069, .514)

**(.217, .592)

**(.406, .677)

**(.301, .574)

**(.445, .693)

**(.408, .653)

**(.367, .605)

**(.287, .535)

**(.183, .426)

**(.075, .327)

**(.072, .327)

**(.115, .380)

(-.012, .301)

-

95% C.I.

2nd Cpnt.

Beta Mixture Part

Table 2.6: Regression results of two-part beta mixture model for CCHS Cycle 1.1 (2000-2001), reduced prediction
model
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1.254
1.251

4th

5th

.824
.877
.827
.801
.641
.759
.470
.546
.569
.246
.221
.463
.242

2

3

4

5

6

7

8

9

10

11

12

13

14

Rurality

.998

0

1 (ref )

ADG (%)
-

1.061

3rd

2

1.032

-

1.230

nd

1st (ref )

Income Quintile

Male

(.043, 1.348)

(.164, 1.303)

*(.053, .928)

**(.113, .534)

(.299, 1.085)

*(.322, .923)

**(.319, .694)

(.550, 1.047)

**(.504, .814)

*(.655, .979)

*(.691, .989)

(.742, 1.036)

*(.704, .963)

(.819, 1.216)

-

**(1.059, 1.478)

**(1.063, 1.479)

(.894, 1.259)

(.866, 1.229)

-

**(1.112, 1.360)

-1.324

-.639

-1.097

-.930

-.700

-.603

-.602

-.405

-.385

-.245

-.181

-.109

-.104

-.009

-

.188

.214

.106

.060

-

.107

**(-1.484, -1.163)

**(-.949, -.330)

**(-1.621, -.573)

**(-1.207, -.653)

**(-.966, -.434)

**(-.877, -.329)

**(-.803, -.401)

**(-.578, -.232)

**(-.503, -.266)

**(-.348, -.141)

**(-.271, -.092)

**(-.187, -.030)

**(-.180, -.027)

(-.096, .078)

-

**(.105, .271)

**(.132, .297)

*(.021, .192)

(-.027, .147)

-

**(.057, .156)

1.941

-5.543

-.953

-.130

-1.207

-.186

-.121

-.189

-.121

-.086

.005

-.052

.009

.036

-

.085

-.012

.081

.060

-

-.102

*(.186, 3.695)

**(-5.990, -5.096)

*(-1.762, -.145)

(-.403, .143)

**(-1.725, -.689)

(-.420, .047)

(-.260, .017)

(-.403, .025)

(-.260, .017)

(-.193, .020)

*(-.095, .105)

(-.132, .028)

(-.062, .080)

(-.057, .128)

-

(-.001, .170)

*(-.101, .076)

(-.008, .169)

(-.028, .148)

-

**(-.153, -.051)
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.584

1.031

-

**(.477, .714)

(.928, 1,144)

-

Mixing probabilities: component 1 (0.635); component 2 (0.365).

Constant

No (urban)

Yes (rural) (ref )

2.309

.018

-

**(2.202, 2.417)

(-.033, .070)

-

2.231

.020

-

**(2.072, 2.390)

(-.030, .070)

-
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1.312
1.154
.973
.571
.342
.243
.206
.190
.219
.243
.162

30 to 34

35 to 39

40 to 44

45 to 49

50 to 54

55 to 59

60 to 64

65 to 69

70 to 74

75 to 79

80 and over

Male

Female (ref )
1.098

-

1.271

25 to 29

Sex

1.222

-

O.R.

20 to 24

11 to 19 (ref )

Age

Predictors

(.976, 1.236)

-

**(.110, .239)

**(.165, .358)

**(.149, .321)

**(.138, .261)

**(.148, .288)

**(.172, .343)

**(.242, .485)

**(.426, .765)

(.739, 1.280)

(.884, 1.506)

*(1.005, 1.711)

(.957, 1.687)

(.929, 1.606)

-

95% C.I.

Logistic Part

.079

-

-.908

-.693

-.836

-.789

-.797

-.801

-.569

-.368

-.057

.068

.103

.100

.066

-

β

**(.019, .139)

-

**(-1.071, -.744)

**(-.880, -.507)

**(-.997, -.676)

**(-.937, -.641)

**(-.951, -.643)

**(-.955, -.647)

**(-.737, -.401)

**(-.523, -.213)

(-.188, .075)

(-.055, .192)

(-.016, .223)

(-.036, .236)

(-.064, .195)

-

95% C.I.

1st Cpnt.

-.131

-

-.952

.442

.583

.569

.523

.532

.500

.382

.268

.163

.244

.200

.211

-

β

**(-.197, -.065)

-

**(-1.360, -.544)

**(.144, .741)

**(.392, .775)

**(.365,.774)

**(.350, .696)

**(.344, .719)

**(.326, .673)

**(.187, .578)

*(.056, .481)

(-.027, .352)

*(.055, .433)

*(.013, .388)

*(.030, .393)

-

95% C.I.

2nd Cpnt.

Beta Mixture Part

Table 2.7: Regression results of two-part beta mixture model for CCHS 2009 - 2010, full prediction model
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1.315
1.240

4th

5th

1.136
.993
1.326
1.380

$30,000 to $39,999

$40,000 to $49,999

$50,000 to $59,999

> $60,000

1.163

Post-secondary degree

1.189

Moderate active

Type of smoker

1.592

Active

inactive (ref )

-

1.224

Some post-secondary

Physical Activity Index

1.048

Secondary school

< secondary school (ref )

-

.938

$20,000 to $29,999

Highest Education

.812

$10,000 to $19,999

< $10,000 (ref )

Household Income
-

1.180

3

1.212

rd

-

2nd

1st (ref )

Income Quintile

*(1.027, 1.377)

**(1.389, 1.823)

-

(.945, 1.431)

(.934, 1.602)

(.838, 1.311)

-

(.727, 2.619)

(.685, 2.568)

(.512, 1.927)

(.583, 2.213)

(.481, 1.831)

(.409, 1.613)

-

*(1.026, 1.499)

**(1.089, 1.587)

(.972, 1.431)

(.999, 1.471)

-

.174

.283

-

.157

.158

.097

-

.436

.410

.275

.230

.128

-.096

-

.141

.099

.110

.108

-

**(.102, .246)

**(.217, .348)

-

**(.058, .255)

**(.026, .289)

(-.012, .206)

-

(.111, .761)

(.073, .747)

(-.062, .611)

(-.103, .563)

(-.206, .462)

(-.435, .243)

-

**(.045, .236)

*(.006, .193)

*(.011, .208)

*(.013, .203)

-

.117

.138

-

.165

.108

.114

-

.693

.521

.587

.602

.365

.422

-

.033

-.043

.028

.084

-

**(.040, .193)

**(.064, .212)

-

*(.021, .309)

(-.090, .305)

(-.030, .257)

-

(-.045, 1.431)

(-.231, 1.272)

(-.165, 1.338)

(-.163, 1.367)

(-.440, 1.169)

(-.355, 1.200)

-

(-.084, .150)

(-.169, .083)

(-.090, .146)

(-.032, .200)

-
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.562
.802
.661
.790

Occasional (former daily)

Always occa. smoker

Non-smoker (former daily)

Non-smoker (former occa.)

.782

Occasional drinker

.956
.973
.812
.775 .
.775
.706
.714
.826
.515

2

3

4

5

6

7

8

9

-

.918

0

1 (ref )

ADG

No (urban)

Yes (rural) (ref )

-

.906

Regular drinker

Rurality

-

Never drank (ref )

Type of drinker

.699

-

Daily smoker

Non-smoker (ref )

*(.281, .941)

(.555, 1.228)

(.495, 1.030)

(.530, .940)

*(.610, .985)

*(627, .957)

*(.664, .991)

(.811, 1.168)

(.788, 1.159)

-

(.804, 1.048)

-

*(.643, .951)

(.764, 1.075)

-

**(.666, .937)

**(.561, .779)

(.534, 1.205)

**(.397, .796)

**(.575, .850)

-

-.550

-.259

-.343

-.338

-.269

-.216

-.112

-.049

.012

-

.003

-

-.121

.003

-

-.117

-.262

-.101

-.269

-.291

-

**(-.827, -.273)

*(-.460, -.058)

**(-.514, -.171)

**(-.480, -.197)

**(-.400, -.138)

**(-.321, -.111)

*(-.210, -.014)

(-.138, .041)

(-.077, .100)

-

(-.063, .070)

-

**(-.217, -.025)

(-.083, .089)

-

**(-.200, -.034)

**(-.341, -.183)

(-.320, .117)

(-.432, -.107)

(-.398, -.184)

-

-.111

-.319

-.128

-.018

-.079

-.061

.002

-.018

.059

-

-.030

-

-.132

-.006

-

-.109

-.090

.006

-.273

-.140

-

(-.417, .195)

(-.831, .193)

(-.318, .061)

(-.165, .129)

(-.215, .056)

(-.172, .050)

(-.104, .107)

(-.113, .077)

(-.042, .160)

-

(-.100, .041)

-

*(-.256, -.008)

(-.093, .080)

-

*(-.201, -.017)

*(-.171, -.009)

(-.162, .175)

(-.527, -.020)

(-.239, -.042)

-
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1.000
1.339

13

14
(.213, .796)

(.359, 5.003)

-

**(.058, .579)

(.333, 1.417)

(.342, 1.687)

-.832

-.594

-.390

**(1.528, 2.188 )

(-.933, .395)

**(-1.935, -1.286)

**(-1.159, -.505)

**(-.901, -.286)

*(-.753, -.027)

† ADG of 13 was dropped as it predicted failure perfectly. 54 observations were not used.

1.858

-.269

-1.611

Mixing probabilities: component 1 (0.639); component 2 (0.361).

.412

.184

12

Constant

.687

11

†

.760

10

1.658

-112.746

-1.158

-.149

47.536

-.933

**(.850, 2.466)

-

**(-1.498, -.819)

(-.894, .595)

-

**(-1.672, -.195)
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1.121
.991
.824
.479
.286
.198
.165
.143
.158
.175
.109

30 to 34

35 to 39

40 to 44

45 to 49

50 to 54

55 to 59

60 to 64

65 to 69

70 to 74

75 to 79

80 and over

Male

Female (ref )
1.102

-

1.125

25 to 29

Sex

1.106

-

O.R.

20 to 24

11 to 19 (ref )

Age

Predictors

(.982, 1.237)

-

**(.076, .156)

**(.124, .247)

**(.111, .225)

**(.109, .188)

**(.124, .221)

**(.145, .269)

**(.209, .392)

**(.376, .609)

(.666, 1.019)

(.817, 1.204)

(.913, 1.377)

(.903, 1.401)

(.886, 1.382)

-

95% C.I.

Logistic Part

.087

-

-1.165

-.878

-1.008

-.925

-.876

-.855

-.606

-.394

-.065

.035

.102

.127

.056

-

β

**(.029, .146)

-

**(-1.336, -.994)

**(-1.046, -.711)

**(-1.167, -.848)

**(-1.055, -.795)

**(-1.020, -.731)

**(-.997, -.712)

**(-.758, -.454)

**(-.529, -.259)

(-.163, .033)

(-.047, .118)

*(.017, .187)

*(.025, .229)

(-.045, .158)

-

95% C.I.

1st Cpnt.

-.107

-

-.888

.375

.533

.530

.568

.571

.542

.438

.347

.257

.286

.243

.250

-

β

**(-.185, -.030)

-

*(-1.677, -.099)

**(.171, .579)

**(.375, .692)

**(.361, .699)

**(.435, .701)

**(.429, .712)

**(.401, .683)

**(.283, .593)

**(.175, .518)

**(.107, .407)

**(.109, .464)

**(.089, .397)

**(.097, .404)

-

95% C.I.

2nd Cpnt.

Beta Mixture Part

Table 2.8: Regression results of two-part beta mixture model for CCHS 2009 - 2010, reduced prediction model
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1.499
1.472

4th

5th

.942
.954
.811
.757
.750
.679
.683
.759
.477
.649
.608
.157
1.000

2

3

4

5

6

7

8

9

10

11

12

13

-

1.051

0

1 (ref )

ADG

No (urban)

Yes (rural) (ref )

Rurality
-

1.316

3

1.310

rd

-

2nd

1st (ref )

Income Quintile

-

**(.051, .483)

(.293, 1.262)

(.283, 1.490)

(.264, .863)

(.508, 1.134)

*(.473, .986)

**( .514, .897)

*(.592, .950)

**(.615, .932)

*(.667,.986)

(.796, 1.142)

(.777, 1.142)

-

(.922, 1.199)

-

**(1.221, 1.774)

**(1.249, 1.800)

**(1.089, 1.590)

**(1.081, 1.587)

-

-1.658

-.992

-.466

-.429

-.621

-.298

-.391

-.366

-.270

-.235

-.108

-.056

.037

-

.024

-

.348

.245

.246

.209

-

**(-2.105, -1.212)

**(-1.283, -.701)

*(-.868, -.065)

*(-.839, -.019)

**(-.891, -.351)

**(-.506, -.090)

**(-.562, -.220)

**(-.507, -.225)

**(-.406, -.134)

**(-.337, -.132)

*(-.202, -.014)

(-.142, .030)

(-.051, .125)

-

(-.043, .091)

-

**(.254, .441)

**(.152, .338)

**(.150, .341)

**(.111, .306)

-

-268.063

-.202

-2.920

-1.105

-.084

-.348

-.125

-.044

-.090

-.055

.006

-.025

.029

-

-.005

-

.122

.043

.074

.118

-

-

(-1.116, .712)

*(-5.723, -.116)

**(-1.841, -.370)

(-.424, .256)

(-.704, .008)

(-.316, .066)

(-.174, .086)

(-.218, .039)

(-.157, .046)

(-.101, .112)

(-.117, .067)

(-.070, .128)

-

(-.071, .060)

-

(-.017, .260)

(-.092, .178)

(-.059, .208)

(.007, .228)

-

74

.525

1.164
**(.424, .650)

(.322, 4.209)
2.182

-.386

Mixing probabilities: component 1 (0.636); component 2 (0.364).

Constant

14
**(2.063, 2.301)

(-1.042, .270)
2.246

-51.030
**(2.034, 2.458)

-

75

.003
-.001
-.007
-.027
-.052
-.048
-.059
-.068
-.062
-.077
-.104

30 to 34

35 to 39

40 to 44

45 to 49

50 to 54

55 to 59

60 to 64

65 to 69

70 to 74

75 to 79

80 and over

1st (ref )

Income Quintile

Male

Female (ref )

-

.002

-

.004

25 to 29

Sex

.003

-

Marginal effects

20 to 24

11 to 19 (ref )

Age

Predictors

-

(-.002, .006)

-

**(-.124, -.083)

**(-.094, -.060)

**(-.080, -.045)

**(-.081, -.055)

**(-.075, -.043)

**(-.061, -.036)

**(-.066, -.039)

**(-.037, -.018)

(-.014, .001)

(-.007, .006)

(-.003, .010)

(-.003, .011)

(-.005, .010)

-

95% C.I.

2000-2001

-

.002

-

-.110

-.038

-.048

-.044

-.046

-.046

-.026

-.013

.004

.009

.012

.011

.010

-

Marginal effects

-

(-.002, .007)

-

**(-.133, -.086)

**(-.054, -.023)

**(-.062, -.034)

**(-.057, -.031)

**(-.059, -.032)

**(-.060, -.033)

**(-.039, -.013)

*(-.025, -.002)

**(-.005, .013)

(.4.11e-04, .007)

**(.004, .020)

*(.003, .020)

*(.001, .018)

-

95% C.I.

2009-2010

Table 2.9: Average marginal effects for two-part beta mixture models

76

.004
.003

4th

th

.022
.021
.025
.030

$30,000 to $39,999

$40,000 to $49,999

$50,000 to $59,999

> $60,000

.019

Post-secondary degree

Daily smoker

Non-smoker (ref )

-.021

-

.013

Moderate active

Type of smoker (%)

.015

Active

inactive (ref )

-

.011

Some post-secondary

Physical Activity Index (%)

.021

Secondary school

< secondary school (ref )

-

.016

$20,000 to $29,999

Highest Education (%)

-.006

$10,000 to $19,999

< $10,000 (ref )

Household Income (%)

5

-

.002

rd

3

.001

2nd

**(-.027, -.016)

-

**(.009, .017)

**(.010, .019)

-

**(.012, .026)

*(.002, .020)

**(.013, .028)

-

**(.016, .044)

**(.010, .040)

**(.006, .036)

**(.007, .037)

*(.001, .031)

(-.022, .011)

-

(-.003, .010)

(-.002, .010)

(-.004, .009)

(-.005, .008)

-.025

-

.016

.023

-

.016

.014

.010

-

.057

.051

.043

.040

.025

.007

-

.011

.006

.009

.010

**(-.033, -.016)

-

**(.010, .021)

**(.018, .028)

-

**(.008, .023)

**(.004, .024)

*(.002, .019)

-

**(.022, .092)

*(.015, .086)

*(007, .078)

*(.004, .075)

(-.010, .061)

(-.030, .043)

-

**(.004, .018)

(-.001, .014)

*(.001, .016)

**(.003, .017)

77

-.013
-.003
-.007

Always occa. smoker

Non-smoker (former daily)

Non-smoker (former occa.)

-.012

Occasional drinker

.002
-.006
-.008
-.011
-.019
-.029
-.034
-.050
-.050
-.086
-.074

2

3

4

5

6

7

8

9

10

11

-

-.001

0

1 (ref )

ADG (%)

No (urban)

Yes (rural) (ref )

-

-.004

Regular drinker

Rurality (%)

-

Never drank (ref )

Type of drinker (%)

-.006

Occasional (former daily)

**(-.103, -.046)

**(-.123, -.048)

**(-.074, -.026)

**(-.067, -.033)

**(-.048, -.020)

**(-.038, -.019)

**(-.026, -.011)

**(-.018, -.005)

**(-.014, -.003)

*(-.011, -.001)

(-.004, .008)

-

(-.005, .003)

-

**(-.020, -.005)

(-.011, .004)

-

**(-.012, -.002)

(-.008, .003)

(-.027, .000)

(-.016, .004)

-.160

-.062

-.046

-.027

-.028

-.025

-.021

-.016

-.007

-.004

.002

-

4.50e-04

-

-.012

1.44e-04

-

-.011

-.021

-.007

-.027

**(-.204, -.116)

**(-.103, -.021)

**(-.071, -.020)

**(-.047, -.008)

**(-.042, -.014)

**(-.036, -.014)

**(-.031, -.011)

**(-.024, -.009)

*(-.014, -.001)

(-.010, .003)

(-.004, .008)

-

(-.005, .004)

-

**(-.020, -.005)

(-.006, .006)

-

**(-.017, -.005)

**(-.027, -.015)

(-.022, .009)

**(-.041, -.013)

78

-.098
-.374
-.049

12

13

14

(-.116, .019)

**(-.408, -.341)

**(-.129, -.067)

-.054

-.482

-.075

(-.133, .025)

**(-.529, -.434)

**(-.113, -.036)

79

80
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Chapter 3
THE ASSOCIATION BETWEEN CHANGE IN PRIMARY
CARE PHYSICIAN REMUNERATION AND
HEALTH-RELATED QUALITY OF LIFE
3.1

Introduction

Canada’s health care system is publicly funded and administered on a provincial or
territorial basis, but health care services are delivered privately. Under this health
care system, all Canadian residents are provided with medically necessary physician
and hospital services without paying out-of-pocket. Primary care physicians (PCPs)
are reimbursed by provincial or territorial health care insurance plans through the
traditional fee-for service (FFS) model since 1966. In the early 2000s, traditional
primary care system was under strain, leading to the lack of patient access to primary health services and accumulated public dissatisfaction towards health system.
Thus, policy makers initiated primary care reform with an emphasis to improve the
overall performance of Canada’s health care system (Government of Canada, 2016;
Hutchison and Glazier, 2013).

In response to the new national goals, Ontario, the most populous province in Canada,
pursued policy initiatives to reform its primary care, leading to a shift away from the
traditional FFS to new models that blended traditional FFS and capitation with payfor-performance incentives. The overarching objective was to improve access to and

87

quality of primary care (Glazier et al., 2009; Hutchison and Glazier, 2013). In the traditional FFS system, the unit of payment is each service provided by PCPs, such as a
physical exam, immunization, or prescription. In FFS, PCPs are financially motivated
to work hard by providing more services. However, FFS PCPs may provide excess
medical services regardless of their qualities, resulting in unnecessary prescriptions,
disincentive to illness prevention, or intention of skipping detailed patient histories
(“Alternative Methods of Payment”, 2015). An alternative model is the capitation
system, where the unit of payment is each patient enrolled, and PCPs are paid for
a basket of medical services provided for a fixed period. In general, the amount of
time and attention needed from PCPs may vary among patients. Thus, PCPs under
the capitation system are usually reimbursed on the basis of the capitation adjusted
by age, sex, or health needs. The capitation model encourages PCPs to maintain
patients’ health as there are no incentives for any additional services provided. However, it may lead to under-provision of services due to s fixed amount of income and
dumping of sicker patients unless the risk is fully adjusted (Sweetman and Buckley,
2014).

Beginning the early 2000s, the government of Ontario introduced blended remuneration models as part of its primary care reform. Some of the most representative models are the Family Health Group (FHG), Comprehensive Care Model (CCM), Family
Health Network (FHN), and Family Health Organization (FHO) models. The FHG
and CCM are the blended FFS models, in which physicians receive all of their FFS
payments, plus premiums for patient registration, palliative care, after-hour bonus, as
well as additional pay-for-performance incentives for health promotion and management of chronic diseases. The FHG is offered to groups of three or more physicians,
whereas the CCM is for solo physicians (Ministry of Health, 2019; Sweetman and
Buckley, 2014; Hutchison and Glazier, 2013).
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The FHN and FHO are two blended capitation models, in which physicians are reimbursed through age- and sex-adjusted capitation payments for providing a basket
of services to enrolled patients. Physicians under the blended capitation models also
receive FFS payments for non-capitated services to enrolled patients and for all services to non-enrolled patients to a limited extent known as “hard cap”. In addition
to similar premiums and financial incentives to those in the blended FFS models,
the FHN and FHO also offer comprehensive care after-hours services, incentives for
preventive health care services, chronic disease management, and health promotion.
Other incentives featured in the two models include “shadow billing” premium, which
is an FFS element for services in the capitated basket for enrolled patients that incentivizes patient visits and encourages physicians to submit claims, and the access
bonus, which is a financial incentive of enrolled physician’s practice to minimize patient’s visits for primary care services outside capitation practices, and is up to 18.59%
of the base capitation payments. The main differences between the FHN and FHO
are the base capitation rate and the basket of services (Sweetman and Buckley, 2014;
Glazier et al., 2019).

The introduction of blended remuneration models has dramatically changed the way
PCPs practice in Ontario, with some evidences suggesting that the change in remuneration models and the introduction of various incentives in Ontario are associated with
improved preventive care delivery, chronic disease management, physician productivity, and access to care (Hutchison et al., 2011). According to Hutchison and Glazier
(2013), in 2002, 94% of PCPs were practicing under the traditional FFS model, with
only 6% in other remuneration arrangements. By 2012, only 24% remained in the
traditional FFS model, and nearly 70% had switched to one of the blended FFS or
blended capitation models, with the rest switching to other kinds of models. With
the introduction of new remuneration models, the total payments to PCPs increased
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by 32% between 2006-2007 and 2009-2010 fiscal years, and the overall satisfaction
with the practice in medicine reported by PCPs went up from 76% in 2009 to 84% in
2012.

However, the impact of the reform on population health is unknown. The objective of
this chapter is to quantify the relationship between change in physician remuneration
and patients’ health status measured by the Health Utility Index Mark 3 (HUI3)
values.

3.2
3.2.1

Methods
Study Population

A total population of 7,287,951 Ontario residents is included in the study. This
population is a subset of both the health administrative data from 2000 to 2001 and
2009 to 2010, and is obtained by merging the two years of health administrative
data by patients’ ICES key number (IKN). The exclusion criteria of this study are
individuals whose IKN are not matched, and those with incomplete observations in
any of the variables. A flow chart explaining the detailed selection process of the
study population is presented in appendix B (figure B.1).

3.2.2

Data and Variables

The data came from the health administrative sources covering all non-institutionalized
Ontario residents from ICES during 2000-2001 and 2009-2010 fiscal years. Health care
administrative data are collected for administrative or billing purpose, and are generated at every utilization encountered with the health care system, whether through a
visit to a physician, a diagnostic procedure, or an admission to a hospital (Cadarette
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and Wong, 2015). The explanatory variables are physician payment models, physician
characteristics, and patient characteristics.

Physician Payment Models
The physician payment model is the main exposure variable of interest. Although
there is no consistent evidence in the literature demonstrating a positive link between change in physician payment models and patients’ health status, the impact
of physician remuneration on quality of care is extensively studied. Bekelman et al.
(2014) illustrated the impact of change in physician remuneration on quality of care
for early-stage breast cancer, and found that the “mixed” payment systems may yield
lower cost of whole-breast hypofractionation, efficient claim process, and appropriate
homogeneity of radiation dose. On the other hand, the traditional FFS payment
model was associated with inappropriate use of whole-breast hypofractionation and
increased treatment rates of elderly patients who could have omitted radiation process
because of low recurrence risks. Kantarevic et al. (2011) investigated the impact of
joining the FHG (blended FFS) relative to the traditional FFS model on physician
productivity, and found that physicians practicing under the FHG had significant
productivity gain by providing more services and visits, and seeing more patients.
The impact appeared within the first year of switching to the FHG and persisted over
time. The FHG physicians were also found to make fewer referrals and treat more
complex patients than the traditional FFS physicians. Kiran et al. (2014) examined
the association between physician payment models and quality of diabetes care in Ontario, and found that patients enrolled the blended capitation models were more likely
to receive recommended tests such as testing of hemoglobin A1C and lipids, and retinal examination, as compared to those enrolled in the blended FFS models. Patients
enrolled in the traditional FFS model were least likely to receive recommended testing.
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Given the findings from previous literature that blended payment models are associated with higher quantity and quality of care than the traditional FFS model, it is
conceivable that the change from the traditional FFS to blended remuneration models
may have a positive impact on patients’ health status. I categorized physician payment models into four groups: the traditional FFS, blended FFS (including the FHG
and CCM), blended capitation (including the FHN and FHO), and other models.

Physician Characteristics
Physician characteristics are considered as potential confounders of patients’ health
status. Mahrotra et al. (2018) studied the association between physician characteristics (sex and years of practice) and adenoma detection rate during a colonoscopy, and
found that female physicians and those with fewer years in practice had higher performance on adenoma detection rate. Berthold et al. (2008) studied the association
between physician gender and the quality of type 2 diabetes care in Germany, and
showed that female physicians provided an overall better quality of care. Tsugawa
et al. (2017a) studied whether patient outcomes differed between general internists
who graduated from a foreign medical school and those who graduated from a US
medical school, and concluded that patients treated by international graduates had
lower mortality than patients cared for by US graduates. Tsugawa et al. (2017b) also
investigated the relationship between physician age and patients’ health outcome, and
found that for patients in the same hospital, those treated by older physicians had
higher mortality than those treated by younger physicians.

Most previous studies in the literature investigated patients with specific conditions or
in hospitals, whereas this study focused on non-institutionalized general population.
The physician characteristics used in this study are: age, sex, international medical
graduation status, and the year of graduation. All of the physician variables are
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categorical, and a detailed definition of each variable can be found in table 3.1 at the
end of this chapter.

Patient Characteristics
Patient characteristics used in the study are age, sex, area-level income quintile,
rurality, and ADGs. As discussed in chapter 2, all of these variables are recognized
as important health determinants in the previous literature (Etxeberria et al., 2019;
Cherepanov et al., 2010; Agborsangaya et al., 2013; Matthews et al., 2017; Rognerud
and Zahl, 2006), and hence were included in the model. All of the patient variables
are categorical, and a detailed definition of each variable can be found in table 3.2 at
the end of the chapter.

3.2.3

Regression Model

The association between change in physician payment models and patient’s health
status was studied using the first difference estimator in linear regression model with
clustered data. The first difference estimator decomposes different levels of the predictors into positive and negative changes, and estimates how the change in the outcome
varies with the change in each time-variant variable. The first difference linear regression was used because the differenced outcome variable resembles the normal distribution even if the original variable is highly skewed (Allison, 2019). In addition, by
taking the first difference of two time periods, the final model usually becomes much
simpler, since panel data turn into cross sectional and all the time-invariant factors
are“differenced out”. The first difference regression equitations can be written as:
Yi1 = µ1 + Xi1 β + αi + i1
Yi2 = µ2 + Xi2 β + αi + i2 ,
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where Yi1 and Yi2 are outcomes from two time points. µ1 and µ2 are different intercepts
that allow for a change over time. β is the effect of X on Y and is assumed the same at
both time points. i1 and i2 are random error terms for the two time points. Lastly,
αi represents a set of unobservable individual-specific factors that do not vary over
time. By taking the difference of the two regression equations above, the resulting
equation becomes:
(Yi2 − Yi1 ) = (µ2 − µ1 ) + (Xi2 − Xi1 )β + (i2 − i1 ).
Therefore, after taking the first difference, the response variable in the regression
model became the change in patients’ predicted HUI3 values. The main exposure was
the change in physician payment models with categories of “remain in FFS”, “from
FFS to blended FFS”, “from FFS to blended capitation”, and “from FFS to other
models”. Potential confounders were the first difference of: patients’ age, physicians’
age, income, rurality, and ADGs. A variable indicating whether a patient changed
his/her physician was also included. Furthermore, in order to better understand
the impact of change in physician remuneration on patients’ health status at the
population level, the gain or loss in quality-adjusted life years (QALYs) for each group
was estimated from the regression results by multiplying the regression coefficient and
the population size in the corresponding group.

3.3
3.3.1

Results
Descriptive Statistics

Table 3.3 at the end of this chapter gives summary statistics of the outcome variable,
the main exposure, and potential confounders. Between 2000-2001 to 2009-2010,
the majority of physicians switched away from the traditional FFS model to either
blended-FFS model (55.55%) or blended-capitation model (41.25%). Only 6.45% of
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them remained practicing under FFS model. The percentages of these physicians who
remained over 50 (33.75%) and became over 50 (31.57%) were quite similar during
the 10 years, with a slightly smaller proportion (23.58%) for those who remained
younger than 50. In terms of patients characteristics, in general, most of them remained younger than 65, stayed in low-income areas, and stayed in urban areas. More
than 80% patients remained younger than 65 for the past 10 years, followed by similar
proportions of those who remained 65 or over (9.71%) and those who became 65 and
over (8.85%).

The majority of the individuals tended to stay in the same income areas during the
10-year period, with 42.41% remaining in low-income area and 25.96% high-income
areas. Only 17.05% moved from low- to high-income areas and 14.58% moved from
high- to low-income area during the 10-year period. A large proportion of patients
stayed in urban areas, accounting for 85.19% of the entire population, followed by the
patients who remained in rural, moved from urban to rural, and moved from rural
to urban areas, accounting for 8.34%, 3.41%, and 3.05%, respectively. The average
change of patients’ ADGs was 0.071 with a standard deviation of 2.851. In addition,
48.21% of people changed their physicians. Lastly, the average change in patients’
HUI3 values was -0.0017 with a standard deviation of 0.054.

3.3.2

Univariable Analysis

Figure 3.1 shows the histogram for the first difference of HUI3 values. Both the histogram and kernel density plot roughly resemble a normal distribution centred on 0
with a slightly longer tail. Table 3.4 presents the descriptive statistics for the first difference of HUI3 by change in physician remuneration and whether patients changed
their physicians. Physicians who continued to practice under the traditional FFS
model had the largest decrements in HUI3 relative to the blended FFS and blended
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capitation models. For patients with either the same or changed physicians, qualitatively similar descriptive statistics were obtained. The difference of mean change
in HUI3 between the traditional FFS model and blended models became more pronounced among patients having the same physicians over time, whereas the difference
was attenuated among patients who changed physicians.

Figure 3.1: Histogram for the first difference of HUI3

Table 3.4: Descriptive statistics of the first difference of HUI3 by change in physician
remuneration
Change in Remuneration

Mean Change in HUI3 (SD)
Overall

Unchanged Physician

Changed Physician

Remain in FFS model

-.019 (.055)

-.020 (.053)

-.018 (.057)

FFS to blended FFS models

-.018 (.055)

-.016 (.054)

-.019 (.056)

FFS to bended capitation model

-.016 (.055)

-.015 (.054)

-.016 (.056)

FFS to other models

-.018 (.055)

-.019 (.054)

-.018 (.057)
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3.3.3

The association between change in physician remuneration and HUI3

Assessment of Linear Model Assumptions
The first difference of HUI3 values was assumed to have a linear relationship with the
change in physician remuneration models and all potential confounders. To ensure
the validity of results from the multivariable linear model above, assessments of linear
assumptions were conducted.

In the multivariable linear model, the response variable was assumed to have a normal
distribution. This normality was assessed by plotting the histogram, the estimated
kernel density, and the normal QQ-plot of the change in HUI3. Both the histogram
and the density plot in figure 3.1 demonstrate an approximately normal shape with
slightly longer tails. In the normal QQ plot (figure 3.2), the data point also fell along
an approximately straight line in the middle part (however, is still an “S” shape that
indicating a heavy tail distribution). Although not perfect, linear regression model is
an adequate model to assess the relationship between the change in physician remuneration and the change in HUI3 values, after adjusting for all potential confounders.

An additional assumption for linear model is homoscedasticity, meaning that the
variance of residuals is constant across observations. To assess this assumption, the
residuals versus fitted values of linear model were plotted (figure 3.2). The data
points were roughly evenly spread around zero (with slightly more points above zero),
suggesting that the constant variance assumption was not too strongly violated.
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Figure 3.2: Diagnostic plots for linear assumption assessments

Regression results
The regression results of the linear model with individuals clustered in physicians
are shown in table 3.5. In the regression analysis based on all patients (hereinafter
referred to as the overall analysis), after adjusting for the first difference of: physician
age, patient age, area-level income, rurality, physician change, physicians switched
from the traditional FFS model to the blended-FFS model and ADGs had an estimated increase of 0.0006 (95% CI: .0002, .0009) in patients’ HUI3, relative to patients’ physicians who continued to practice under the traditional FFS model. In
other words, patients’ physicians switching from the traditional FFS to the blended
FFS during 2000 to 2010 was associated with a gain of 2,210.45 (3, 684, 086 × .0006)
quality-adjusted life years (QALYs). Similarly, patients’ physicians switching to the
blended-capitation model had 0.0007 (95% CI: 0.0004, 0,0011) increments in HUI3,
which was equivalent to a gain of 2,104.64 (3, 006, 629 × .0007) QALYs. For those
affiliated with other models, the estimated decrements in patients’ HUI3 was 0.0010
(95% CI: -.0019, -7.02e-06), suggesting a loss of 126.90 (126, 901× -.001) QALYs. All
the associations discussed above were statistically significant with p-values < 0.05.
The results suggested that patients may become healthier if their physician changed
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from the traditional FFS model to one of the blended payment models. Given the emphasis on health promotion, preventive care, and disease management in the blended
models, the results demonstrated the effectiveness of change in physician remuneration on patients’ health outcome, which was consistent with previous studies that
investigated impacts of physician remuneration on quality of care (Hutchison et al.,
2011; Kantarevic et al., 2011; Kralj and Kantarevic, 2013; Li et al., 2014; Kiran et al.,
2014; Bekelman et al., 2014).

For physicians who became 50 or older during the 10 years, there were 0.0005 decrements in patients’ HUI3, as compared to those remained younger than 50, suggesting
a loss of 2,300.25 (2, 300, 473× -.0005) QALYs. Similarly, physicians remaining 50 or
older had 0.0014 decrements in patients’ HUI3. For patients who changed to a physician younger than 50, the HUI3 had 0.0002 decrements, as compared to those patients
whose physicians remained younger than 50. The corresponding loss in QALYs at the
population level were 24,591.30 (2, 455, 906× -.0014) and 191.04 (808, 804× -.0002),
respectively. The results suggested that patients’ health status improved if they were
cared for by younger physicians. The difference of patient’s health outcome between
younger and older physicians could be explained by the effect of aging, which may
lead to having less energy and enthusiasm, or the differences in how younger and older
physicians were trained. Older physicians may be less likely to follow evidence-based
guidelines and newly recommended treatments, and more likely to rely on their past
experiences and out-of-date clinical guidelines (Tsugawa et al., 2017b).

Compared to patients who remained in low-income areas, those who moved from lowto high-income areas had 0.0225 increments in HUI3, which translated to a gain of
124,216.97 (1, 242, 754 × .0225) QALYs. On the other hand, those who remained in
high-income areas had 0.0018 decrements in HUI3, and those who moved from high- to

99

low-income areas had 0.0220 decrements in HUI3. The corresponding loss in QALYs
was estimated to be 18,911.20 (1, 891, 667 × .0018) and 16,211.35 (1, 062, 516 × .0220),
respectively. Patients who moved from rural to urban areas had 0.0004 increments,
those who remained in rural areas had 0.0013 increments, and those who moved
from urban to rural areas had 0.0004 increments in HUI3, compared to those who
remained in urban areas. The equivalent gains were 89.05 (222, 623 × .0004), 790.16
(607, 817 × .0013), and 99.46 (248, 657 × .0004) QALYs, respectively. Lastly, one unit
increase in ADGs was associated with 0.0010 decrement in HUI3, suggesting a loss of
7287.95 (7, 287, 951 × .0010) QALYs.

Patient characteristics included in this study have been recognized as health determinants in the literature, and their impacts on the change in HUI3 are consistent
with findings from previous studies. In general, patients who moved from low- to
high-income areas had higher health status, and those who moved from high- to lowincome areas became less healthy. This makes sense as research has shown that people
with lower SES were more likely to suffer from poor health than those with higher
SES (Ma and McGhee, 2013). Patients who continued to live in high-income areas
had a slight decrease in HUI3, which might arise from other minor changes in their
lives during the 10 years other than area-level income. However, no such change in
patient’s health status was found between those moved from rural to urban and from
urban to rural areas, which were contrary to the results of Mathews et al. (2017)
who found that health outcomes were consistently poorer in rural areas due to higher
prevalence of risk factors and lower SES. This contradiction was not too surprising as
Mathews et al. did not include comorbidity and SES as confounders in the analysis,
whereas in this study these two variables have been adjusted for. Lastly, as previous
research suggested that multimorbidity was associated with clinically important reductions in HRQOL (Agborsangaya et al., 2013), I also found consistent results that
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patients with higher ADGs had worse health status.

Subgroup Analyses
Thus far, the change in payment models is associated with higher health status of
patients. I conducted several subgroup analyses to find out if patients health status
differed with respect to several distinct features.

First, table 3.5 shows that a patient changing his/her physician during 2000/10 has
statistically significant effect on HUI3. Because of the simultaneous changes in patients’ physicians and the remuneration of physicians, the results of the overall analysis
from table 3.5 may not reflect the true impact of physician remuneration change. In
this section, I present the results of subgroup analyses to see if the impacts of change
in physician remuneration differed among patients who changed and those who did
not change physicians.

Among patients with the same physicians over time, their physicians who switched
from the traditional FFS model to the blended FFS models had 0.0012 increments in
HUI3 (95% CI: .0008, .0015), which was equivalent to a gain of 4,420.90 (3, 684, 086 ×
.0012) QALYs. For physicians switching to the blended capitation models, the estimated increments in HUI3 was 0.0015 (95% CI: .0011, .0018), which translated to a
gain of 4,509.94 (3, 006, 629 × .0015) QALYs. No statistical significance was found for
physicians who switched to other models. The results showed that, among patients
who had the same physicians over time, the associations of physicians switching to the
blended models still remained positive and statistically significant. The magnitudes
of the associations became twice as large as those in the overall analysis. Among patients who changed physicians, no statistically significant associations for the change
in physicians remuneration were found.
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Within patients who had the same physicians over time, I conducted further analyses
on whether the effects of physicians switching to blended models differed by patients’
sex, age or area-level income after adjusting for the rest of the confounders. The
regression results are presented in tables 3.6, 3.7, and 3.8 at the end of this chapter.
All the subgroups were based on patients’ latest records, which in this case was the
data from 2009-2010.

The gain in QALYs from the change in physician remuneration models of females was
greater than that of males. Among females, patients’ physicians switching from the
traditional FFS to the blended FFS models had 0.0017 (95% CI: .0013, .0021) increments in patients’ HUI3, which was equivalent to a gain of 3364.01 (1, 978, 826×.0017)
QALYs. Patients’ physicians switching to the blended-capitation model had 0.0015
(95% CI: .0011, .0019) increments in HUI3, which translated to a gain of 2491.44
(1, 660, 962 × .0015) QALYs. Similarly, among males, patients’ physicians switching
from the traditional FFS to the blended FFS models had 0.0005 (95% CI: .0001, .0010)
increments in HUI3, which was equivalent to a gain of 852.63 (1, 705, 260 × .0005)
QALYs. Patients’ physicians switching to the blended-capitation model had 0.0009
(95% CI: .0005, .0014) increments in HUI3, which translated to a gain of 1211.10
(1, 345, 667 × .0009) QALYs. All the associations described above were statistically
significant. Although qualitatively similar in terms of the direction of associations,
the results showed greater impacts of change in physician remuneration on HUI3
among females. Previous research has reported higher HRQOL in females than males
(Kauhanen et al., 2000; Jonsson et al., 2005), while I found that females were more
responsive to physician remuneration change.

Among patients younger than 65, the estimated increment in HUI3 for patients’
physicians switching to the blended FFS models was 0.0016 (95% CI: .0011, .0021),
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and the corresponding gain in QALYs was 4,886.53 (3, 054, 078 × .0016). Patients’
physicians switching to blended capitation model had an increase of 0.0023 (95%
CI: .0019, .0028), which translated to a gain of 5,536.93 (2, 407, 363 × .0023) QALYs.
Among patients aged 65 and over, however, patients’ physicians switching to blendedcapitation mode had 0.0017 decrements in HUI3, and the associated loss in QALYs
was of 1,018.75 (599, 266 × −.0017) QALYs. For patients’ physicians switching to
the blended FFS models, the change in HUI3 was approximately zero (95% CI: ..0006, .0007) with no statistical significance. The associations among younger people
suggested that the change in physician remuneration was associated with improved
patients’ health status, which was consistent with the findings in the overall analysis. On the other hand, the lack of association among switchers in the blended FFS
models and the negative association among switchers in the blended capitation models might be a result of other confounders in elderly people that were not included
in this study. The true impact may also be masked by pre-existing health issues in
older population such as specific chronic conditions (Reuben, 2007), dietary habits
(Nowson et al., 2018), or mental health problems like loneliness and depression (Dow
and Gaffy, 2015).

Among patients living in high-income areas, their physicians switching to the blended
FFS models was associated with an increase of 0.0013 (95% CI: .0005, .0018) in HUI3,
suggesting a gain of 1969.91 (1, 515, 315 × .0013) QALYs. For physicians switching
to the blended-capitation models, the HUI3 had 0.0008 (95% CI: .0001, .0013) increments, which translated to a gain of 1121.57 (1, 401, 995 × .0007) QALYs. All of
these associations were found to be statistically significant and qualitatively similar to
those in the overall analysis. However, among patients living in low-income areas, the
change in physician remuneration did not demonstrate any statistically significant
improvement in patient health status. The failure to detect significant association
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may due to some pre-existing health issues in low-income area such as delays in care
and lower use of preventive services (Walker et al., 2010), or other public health risks
in low-income area such as poor drinking water quality (Machdar et al., 2013).

Alternative Analysis
As noted earlier, when studying the impact of change in physician remuneration on
patients’ health status, the HUI3 values used in the model were imputed and not perfectly accurate at the individual level. The prediction uncertainty was not able to be
taken into account either. A concern that may arise from the use of predicted HUI3
values was that, whether the associations between change in physician remuneration
on patients’ predicted HUI3 were genuine or merely an artifact of the predicted HUI3
data.

To check the reliability of the analysis, I studied the association between different
physician payment models and the observed HUI3 data by pooling CCHS 2000-2001
and 2009-2010 data as one cross sectional dataset and adjusting for all potential confounders. If there was consistent evidence of a positive association between physician
payment models and patients’ observed HUI3, it would provide assurance to my main
results. The pooled analysis proceeded as follows:
1. Pooled two cycles of CCHS data into one cross sectional dataset (time effect
was not of interest and was ignored).
2. The response variable was the observed HUI3 values. The exposure variable of
interest was physician payment models. Potential confounders included in the
analysis were physician characteristics including age, sex, international medical graduation status, and the year of graduation, and patient characteristics
including age, sex, area-level income quintile, rurality, and ADGs.
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3. Considering the distributional features of HUI3 data discussed in chapter 2
and the clustered patient data within physicians, a beta regression model with
cluster-adjusted standard errors was constructed to study the association between different physician payment models and observed HUI3, after adjusting
for all potential confounders. The reference group for physician payment models
was the traditional FFS model.

The regression coefficients and corresponding average marginal effects are presented
in table 3.9 at the end of this chapter. After adjusting for all potential confounders,
patients whose physicians practicing under the blended FFS models have 0.005 (.001,
.009) higher HUI3 on average than those whose physicians in the traditional FFS
models. Patients whose physicians practicing under the blended capitation models
have 0.003 (-.001, .006) higher HUI3 on average as compared to those whose physicians in the traditional FFS models. For patients whose physicians practicing under
other models, the HUI3 was 0.008 lower on average relative to those whose physicians
practicing under the traditional FFS model.

The results based on observed HUI3 data provided supporting evidence that physician
payment models did have some impact on patients’ health status. For physicians
practicing under blended models, their patients appeared to be healthier than patients
whose physicians practicing under the traditional FFS models. Therefore, the analysis
based on predicted HUI3 values appeared reasonable, and hence the associations
between change in physician remuneration on patients’ predicted HUI3 were reliable.

3.4

Discussion

To improve primary health care delivery, the Ontario government implemented primary health care reform beginning the early 2000s, which introduced new models of
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physician remuneration - the blended-FFS model and blended-capitation model. In
this study, I assessed the impact of the change in physician remuneration from the
traditional FFS to alternative remuneration on the change on health utility values.
The objective was to find out whether the Ontario government’s initiative of primary
care reform was associated with improved health status of patients. I found that patients’ physicians switching to blended FFS and blended capitation models were associated with increased HUI3 values and gain in QALYs, as compared to those patients’
physicians who continued to practice under the traditional FFS model. Therefore,
I conclude that the Ontario primary care reform is associated with improved health
status of patients.

In subgroup analyses, I found that among those patients who did not change their
physicians, the magnitudes of the associations were twice as large as those in the
overall analysis, whereas among those who changed their physicians, the magnitudes
of the associations were much smaller and statistically insignificant. Thus, the impact
of the Ontario primary care reform was more likely to be physician-driven rather than
patient-driven, and hence it was necessary to keep an individual’s physician the same
in order to obtain meaningful results.

Based on the findings above, I conducted further subgroup analyses by sex, age, and
area-level income among those who kept the same physicians over time. In the analysis by sex, I obtained qualitatively similar estimates for both males and females to
those in the overall analysis. Furthermore, females were associated with greater increments in HUI3 and gain in QALYs, suggesting that while the primary care reform
seemed to improve both males’ and females’ health status, females appeared to be
more responsive to the change in physician remuneration.
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In the analysis by age groups, I found that among patients younger than 65, patients’
physicians switched from the traditional FFS to blended models were associated with
higher patients’ health status and gains in QALYs. However, among the patients aged
65 and over, the associations were either negative or insignificant. Two possible explanations are: the change during primary care reform may be more effective among
younger population, or there were unknown confounders among older population that
masked the true associations.

I found that among patients living in high-income areas, physicians switched to
blended models were associated with relatively healthier patients and greater gains in
QALYs, and the estimates were qualitatively similar to those in the overall analysis.
Among the patients living in low-income areas, however, the relationships between
change in physician remuneration and patients’ health status did not appear to be
statistically significant. Similar to the analysis by age groups, the results suggest that
younger patients might be more responsive to change in physician remuneration. The
lack of significant association in low-income areas may also due to other pre-existing
health issues among residents living in these specific areas.

Finally, in order to check whether it was robust to use imputed HUI3 values in the
analyses, I conducted an alternative analysis using pooled CCHS 2000-2001 and 20092010 to study the association between different physician payment models and observed HUI3 data. After adjusting for all potential confounders, I found that patients
whose physicians practicing under blended models appeared to be healthier than patients whose physicians practicing under the traditional FFS models. The results
showed the use of imputed HUI3 values was reasonable, and hence the associations
between change in physician remuneration on patients’ predicted HUI3 were reliable.
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3.5

Conclusions, Policy Implications and Limitations

Physicians switching from the traditional FFS practice model to either the blended
FFS and blended capitation models are associated with increased patients’ health status and gain in QALYs. To my knowledge, this is the first study that has attempted to
investigate the direct impact of change in physician remuneration on patients’ health
status and QALYs in Ontario. The findings of this study should inform policy makers
in Ontario and across Canada that the introduction of primary care reform is associated with improved health status of patients. The evidence from this study should also
be used as a reference when further analyses are conducted for policy decision making.

There are several limitations of this study. First, I used linear model as it was an
adequate model to start with and the results were easy to interpret; however, the
data did not follow a perfect normal distribution. Second, as stated in the previous
chapter, the predicted HUI3 values were not perfectly accurate at the individual
level. Third, it was difficult to account for the prediction uncertainty of HUI3 values
as a response variable in the regression model. Instead, only the point estimates
were used. Finally, to avoid having excess levels in the first difference of variables,
I dichotomized the original variables with more than two levels before taking the
first difference. The purpose of this dichotomization was to simplify the analysis and
obtain more interpretable results, but information may be lost in the meantime.

The FHG and CCM model
The FHN and FHO models

Blended FFS models

Blended capitation models

Physicians aged 50 and over

50 and over

-

Female

Completed the postgraduate residency training in Canada or the United States

No

-

1960 or before

1960 - 1969

1970 - 1999

Year of Graduation

Completed the postgraduate residency training outside of Canada or the United States

Yes

International Medical Graduation Status

-

Male

Sex

Physicians aged between 26-59 are categorized as younger than 50

Younger than 50

Age

The traditions FFS model

Description

FFS Model

Payment Molde

Physician Characteristics

Table 3.1: Variable Definitions for Physician Characteristics
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Patients aged 65 and over

65 and over

Live in a rural area indicated based on Statistics Canada’s PCCF

Rural

Bottom three (1st to 3rd) area-level income quintiles are considered low income
Top two (4th and 5th) area-level income quintiles are considered high income

Low

High

Income

Live in an urban population centre indicated based on Statistics Canada’s Postal Code Conversion File (PCCF)

Urban

Rurality

ADG scores ranging from 0 to 14; considered as continuous in this study

-

Female

ADG

-

Male

Sex

Patients aged between 11 to 64 are categorized as younger than 65

Description

Younger than 65

Age

Patient Characteristics

Table 3.2: Variable Definitions for Patient Characteristics
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Table 3.3: Baseline characteristics of first difference results
Characteristic

n= 7,503,053

First difference of HUI3 (Mean ± SD)

-.0017 ± 0.054

First difference of remuneration model (%)
Remain FFS (ref )

6.45

Switch to blended-FFS

50.55

Switch to blended-capitation

41.25

Switch to others

1.74

First difference of physicians’ age (%)
Remain < 50 (ref )

23.58

Become 50+

31.57

Remain 50+

33.75

Become < 50 (physician changed)

11.10

First difference of patients’ age (%)
Remain < 65 (ref )

81.44

Become 65+

8.85

Remain 65+

9.71

First difference of income (%)
Remain low (ref )

42.41

Low to high

17.05

Remain high

25.96

High to low

14.58

First difference of rurality (%)
Remain urban (ref )

85.19

Rural to urban

3.05

Remain rural

8.34

Urban to rural

3.41
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First difference of ADGs (Mean ± SD)

0.071 ± 2.851

Whether changed physicians (%)
Unchanged (ref )

51.79

Changed

48.21

-.0010

Switch to others

-.0002

Become < 50 (physician changed)

.0225
-.0018
-.0220

Low to high

Remain high

High to low

Remain low (ref )

-

-.0071

Remain 65+

First difference of income

.0087

Become 65+

Remain < 65 (ref )

-

-.0014

Remain 50+

First difference of patients’ age

-.0005

Become 50+

Remain < 50 (ref )

-

.0007

Switch to blended-capitation

First difference of physicians’ age

.0006

-

β (S.E)

Switch to blended-FFS

Remain FFS (ref )

First difference of remuneration model

Predictors

**(-.0221, -.0218)

**(-.0019, -.0017)

**(.0224, .0227)

-

**(-.0073, -.0069)

**(.0086, .0088)

-

**(-.0004, -.0001)

**(-.0017, -.0012)

**(-.0008, -.0003)

-

*(-.0019, -7.01e-6)

**(.0004, .0011)

**(.0002, .0009)

-

95% C.I.

Overall

-.0209

-.0014

.0219

-

-.0070

.0087

-

-

-.0007

.0002

-

-.0006

.0015

.0012

-

β (S.E)

**(-.0211, -.0207)

(**-.0016, -.0013)

**(.0217, .0221)

-

**(-.0073, -.0067)

**(.0085, .0088)

-

-

**(-.0010, -.0004)

(-.0001, .0005)

-

(-.0020, .0008)

**(.0011, .0018)

**(.0008, .0015)

-

95% C.I.

Unchanged Physician

-.0231

-.0022

.0231

-

-.0072

.0088

-

-.0007

-.0022

-.0013

-

-.0015

-.0001

-.0001

-

β (S.E)

**( -.0024, -.0020)

**(.0229, .0233)

-

**(-.0075, -.0069)

**(.0086, .0090)

-

**(-.0009, -.0005)

**(-.0024, -.0019)

**(-.0016, -.0010)

-

**(-.0026, -.0005)

(-.0006, .0006)

(-.0006, .0004)

-

95% C.I.

Changed physician

Table 3.5: Regression results for the association between change in physician remuneration model and patients’ health
status, overall and by physician change status

**(-.0233, -.0229)
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.0004

Urban to rural

-.0167

Constant

Statistically significant results: * = p<0.05; ** = p<0.01.

.0003

-

Changed

Unchanged (ref )

Whether changed physicians

-.0100

-.0013

Remain rural

First difference of ADGs

.0004

-

Rural to urban

Remain urban (ref )

First difference of rurality

**(-.0171, -.0163)

**(.0002, .0005)

-

**(-.0100, -.0100)

*(.0001, .0006)

**(-.0016, -.0010)

**(.0002, .0007)

-

-.0180

-

-

-.0099

-.0009

-.0018

.0007

-

**(-.0184, -.0175)

-

-

**(-9.92e-03, -9.87e-03)

**(-.0013, -.0004)

**(-.0021, -.0014)

**(.0004, .0011)

-

-.0151

-

-

-.0101

.0012

-.0007

.0003

-

**(-.0156, -.0146)

-

-

**(-.0101, -.0100)

**(.0009, .0016)

**( -.0011, -.0004)

(-.0001, .0007)

-
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Table 3.6: Regression results for the association between change in physician remuneration model and patients’ health status among patients with unchanged physicians,
by sex
Males
Predictors

β (S.E)

Females

95% C.I.

β (S.E)

95% C.I.

First difference of remuneration model
Remain FFS (ref )

-

-

-

-

Switch to blended-FFS

.0005

*(.0001, .0010)

.0017

**(.0013, .0021)

Switch to blended-capitation

.0009

**(.0005, .0014)

.0015

**(.0011, .0019)

.-.0016

(-.0033, .0001)

.0009

(-.2.78e-05, .0019)

Switch to others
First difference of physicians’ age
Remain < 50 (ref )

-

-

-

-

Become 50+

.0010

**(.0006, .0014)

-.0002

(-.0005, 3.71e-05)

Remain 50+

.0008

**(.0004, .0011)

-.0008

**(-.0010, -.0005)

-

-

-

-

-

-

-

-

Become 65+

.0161

**(.0159, .0163)

.0022

**(.0020, .0024)

Remain < 65

.0003

(-.0001, .0006)

-.0134

**(-.0138, -.0131)

Become < 50 (physician changed)
First difference of patients’ age
Remain < 65 (ref )

First difference of income
Remain low (ref )

-

-

-

-

Low to high

.0203

**(.0200, .0206)

.0235

**(.0232, .0237)

Remain high

-.0010

**(-.0012, -.0007)

-.0018

**(-.0020, -.0016)

High to low

-.0190

**(-.0192, -.0187)

-.0225

**(-.0227, -.0222)

-

-

-

-

First difference of rurality
Remain urban (ref )
Rural to urban

.0007

**(.0003, .0012)

.0008

**(.0004, .0012)

Remain rural

-.0026

**(-.0031, -.0022)

-.0009

**(-.0012, -.0006)

Urban to rural

-.0034

**(-.0040, -.0029)

.0013

**(.0008, .0018)

First difference of ADGs

-.0102

**(-.0103, -.0102)

-.0097

**(-.0097, -.0096)

Constant

-.0267

**(-.0272, -.0262)

-.0109

**(-.0114, -.0105)
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Table 3.7: Regression results for the association between change in physician remuneration model and patients’ health status among patients with unchanged physicians,
by patient age
<65
Predictors

β (S.E)

65+

95% C.I.

β (S.E)

95% C.I.

First difference of remuneration model
Remain FFS (ref )

-

-

-

-

Switch to blended-FFS

.0016

**(.0011, .0021)

3.63e-05

(-.0006, .0007)

Switch to blended-capitation

.0023

**(.0019, .0028)

-.0017

**(-.0024, -.0011)

Switch to others

-.0022

(-.0020, .0015)

-.0019

**(-.0033, -.0005)

First difference of physicians’ age
Remain < 50 (ref )

-

-

-

-

Become 50+

.0004

*(.4.60e-07, .0007)

-.0006

*(-.0010, -.0001)

Remain 50+

-.0008

**(-.0011, -.0004)

-.0007

**(-.0011, -.0003)

-

-

-

-

-

-

-

-

Low to high

.0231

**(.0229, .0233)

.0158

**(.0154, .0162)

Remain high

-.0029

**(-.0030, -.0027)

.0047

**(.0044, .0050)

High to low

-.0232

**(-.0234, -.0230)

-.0114

**(-.0118, -.0110)

-

-

-

-

Become < 50 (physician changed)
First difference of income
Remain low (ref )

First difference of rurality
Remain urban (ref )
Rural to urban

.0011

**(.0007, .0015)

2.45e-05

(-.0007, .0007)

Remain rural

-.0023

**(-.0027, -.0019)

.0005

*(21.28e-05, .0010)

-.0017

**(-.0021, -.0012)

.0032

**(.0023, .00400

First difference of ADGs

Urban to rural

-.0100

**(-.0100, -.0099)

-.0097

**(-.0098, -.0097)

Constant

-.0181

**(-.0186, -.0175)

-.0180

**(-.0187, -.0173)

116

Table 3.8: Regression results for the association between change in physician remuneration model and patients’ health status among patients with unchanged physicians,
by income
High-income
Predictors

β (S.E)

95% C.I.

Low-income
β (S.E)

95% C.I.

First difference of remuneration model
Remain FFS (ref )

-

-

-

-

Switch to blended-FFS

.0013

**(.0005, .0018)

.0004

(-.0001, .0009)

Switch to blended-capitation

.0008

*(.0001, .0014)

-.0005

(-.0010, -3.13e-06)

Switch to others

-.0003

(-.0025, .0018)

-.0013

(-.0028, .0003)

First difference of physicians’ age
Remain < 50 (ref )

-

-

-

-

Become 50+

-3.13e-06

(-.0005, .0004)

.0001

(-.0003, .0004)

Remain 50+

-.0005

*(-.0009, -2.78e-05)

-.0005

**(-.0009, -.0002)

-

-

-

-

-

-

-

-

Become 65+

.0058

**(.0056, .0060)

.0094

**(.0092, .0096)

Remain < 65

-.0079

**(-.0082, -.0075)

-.0068

**(-.0071, -.0064)

Become < 50 (physician changed)
First difference of patients’ age
Remain < 65 (ref )

First difference of rurality
Remain urban (ref )

-

-

-

-

Rural to urban

.0065

**(.0060, .0070)

-.0037

**(-.0043, -.0032)

Remain rural

.0003

(-.0002, .0009)

-.0033

**(-.0038, -.0027)

Urban to rural

.0009

**(.0002, .0016)

-.0067

**(-.0075, -.0059)

First difference of ADGs

-.0103

**(-.0103, -.0103)

-.0097

**(-.0097, -.0096)

Constant

-.0105

**(-.0112, -.0098)

-.0219

**(-.0224, -.0213)
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Table 3.9: Regression results and average marginal effects for the alternative analysis
Average Marginal Effects
Predictors

Regression Estimates

β

95% C.I.

β

95% C.I.

-

-

-

-

Blended FFS

.005

**(.001, .009)

.043

**(.013, .073)

Blended Capitation

.003

(-.001, .006)

.023

(-.003, .050)

Others

-.008

(-.017, .002)

-.062

(-.139, .014)

-

-

-

-

40 to 49

.001

(-.003, .005)

.010

(-.022, .043)

50 to 59

.001

(-.002, .005)

.009

(-.023, .042)

60 +

-.003

(-.008, .003)

-.021

(-.064, .022)

-

-

-

-

-.006

**(-.009, -.003)

-.050

**(-.074, -.025)

-

-

-

-

1960 to 1969

-.004

(-.013, .005)

-.033

(-.114, .047)

1970 -1999

-.007

(-.016, .002)

-.062

(-.144, .019)

-

-

-

-

-.002

(-.006, .002)

-.021

(-.055, .013)

-

-

-

-

20 to 24

.004

(-1.84e-04, .008)

.046

(-.003, .094)

25 to 29

.005

**(.002, .009)

.066

**(.020, .112)

30 to 34

.004

*(.001, .008)

.051

*(.007, .095)

35 to 39

7.14e-05

(-.003, .004)

.001

(-.041, .043)

40 to 44

-.011

**(-.015, -.007)

-.125

**(-.170, -.081)

45 to 49

-.048

**(-.054, -.043)

-.475

**(-.524, -.425)

50 to 54

-.077

**(-.084, -.071)

-.697

**(-.746, -.648)

Physician Payment Model
FFS (ref )

Physician Age
26 to 39 (ref )

Physician Sex
Female (ref )
Male
physician’s Year of Graduation
Before 1960 (ref )

International Medical Grad
No (ref )
Yes
Age
11 to 19 (ref )
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55 to 59

-.086

**(-.092, -.079)

-.756

**(-.806, -.705)

60 to 64

-.088

**(-.094, -.082)

-.771

**(-.821, -.722)

65 to 69

-.090

**(-.097, -.083)

-.784

**(-.836, -.733)

70 to 74

-.095

**(-.102, -.087)

-.814

**(-.870, -.759)

75 to 79

-.098

**(-.107, -.089)

-.836

**(-.898, -.774)

80 and over

-.144

**(-.154, -.133)

-1.111

**(-1.178, -1.044)

-

-

-

-

.012

**(.009, .015)

.103

**(.081, .125)

-

-

-

-

0

.003

(-.001, .007)

.028

(-.009, .065)

2

-.010

**(-.013, -.006)

-.091

**(-.124, -.058)

3

-.016

**(-.019, -.012)

-.144

**(-.178, -.110)

4

-.021

**(-.025, -.017)

-.191

**(-.228, -.154)

5

-.027

**(-.032, -.022)

-.241

**(-.283, -.199)

6

-.045

**(-.052, -.039)

-.383

**(-.433, -.332)

7

-.051

**(-.060, -.042)

-.424

**(-.489, -.360)

8

-.059

**(-.069, -.048)

-.480

**(-.554, -.406)

9

-.076

**(-.091 , -.061)

-.598

**(-.699, -.496)

10

-.086

**(-.104, -.067)

-.658

**(-.779, -.538)

11

-.101

**(-.127, -.075)

-.756

**(-.913, -.598)

12

-.127

**(-.162, -.093)

-.904

**(-1.098, -.710)

13

-.148

**(-.194, -.101)

-1.014

**(-1.258, -.770)

14

-.088

**(-.142, -.034)

-.675

**(-1.014, -.336)

-

-

-

-

2nd

.016

**(.011, .020)

.125

**(.092, .159)

rd

3

.019

**(.015, .024)

.157

**(.122, .191)

4th

.024

**(.020, .028)

.201

**(.167, .235)

th

.026

**(.022, .030)

.213

**(.180, .246)

-

-

-

-

Sex
Female (ref )
Male
ADG
1 (ref )

Income Quintile
1st (ref )

5

Rurality
Yes (rural) (ref )
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No (urban)
Constant

-.001

(-.004, .002)

-.005

(-.032, .021)

-

-

2.365

**(2.268, 2.462)
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Chapter 4
CONCLUSIONS
4.1

Summary of Findings

This thesis project had two objectives. The first was to construct a prediction model
for the health utility index mark 3 (HUI3) values using the Canadian Community
Health Survey (CCHS) data, and the second part was to study the association between change primary care physician remuneration and the predicted HUI3 values
using the Ontario’s health administrative data.

For the first objective, I fitted four types of statistical models in order to obtain
a model-based prediction for the HUI3 data. The four models are: linear model,
the Tobit model, single-part beta mixture model, and two-part beta mixture model.
Furthermore, since the CCHS contained all the relevant predictors to construct a fullmodel, while the health administrative data lacked socio-economic confounders, only a
reduced-model can be built. Thus, I applied the model calibration technique to adjust
the predicted values from the reduced-model in order to mimic those from the fullmodel. Finally, I validated the prediction model in terms of its prediction accuracy
for all non-institutionalized Ontario residents. For the second objective, in order to
assess the relationship between the predicted HUI3 values and change in physician
remuneration models, the first difference estimator was used in linear model with
clustered patient data within physicians, after adjusting for physicians’ age, patient
age, area-level income, rurality, physician change, and comorbidity measured by ADG.
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I found that the two-part beta mixture model had the best performance among all
of the candidate models in terms of empirical density of fitted values, and information criteria such as AIC and BIC. After calibrating the predicted values from the
two-part beta mixture model, the results found that the calibrated values mimicked
the full-model prediction to a great extent, suggesting a reasonably successful calibration process. The prediction results were validated by comparing the proportions
of observed and predicted data falling in each 0.1 interval; the prediction model was
considered to be accurate in an interval if the two proportions of that interval were
relatively close.

The calibration results showed that the two-part beta mixture model tended to underpredict smaller HUI3 values less than 0.7 and over-predict larger HUI3 values between
0.8 and 0.9; the prediction accuracy reached the highest when the HUI3 values were
between 0.7 and 0.8 and equal to 1. Hence, the proposed model can only predict with
reasonable accuracy for certain intervals of observed HUI3 data. The predictions at
the individual level were not perfectly accurate; thus, the prediction model proposed
in this study was not intended to replace the collection of primary data to construct
HRQOL.

For the second objective, I found a positive association between change in physician remuneration and patients’ predicted HUI3, after adjusting for all potential confounders. I also conducted analyses for patients who changed and those who did not
change their physicians. The results showed that among patients who did not change
their physicians, the magnitudes of the associations were statistically significant and
were twice as large as those in the overall analysis; among those who changed their
physicians, however, the magnitude of the associations lacked statistical significance.
The results suggested that the change in physician remuneration from the traditional
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FFS to blended remuneration models is associated with improved health status of patients, relative to those who continued to practice under the traditional FFS model.
Therefore, I conducted further analyses on individuals with the same physicians overtime to ensure that the association would not be distorted and be more meaningful.
Specifically, I conducted subgroup analyses by age, sex, and census dissemination
area-level income among patients who did not change physicians. In general, positive
associations were found between the change in physician remuneration and patients’
predicted HUI3 among both males and females, among those younger than 65, and
among those living in high-income areas. In particular, I found that the magnitude
of the associations and the gain in QALYs were greater among females, younger patients, and those living in high-income areas than in the analysis based on all patients
with unchanged physicians, implying a larger improvement in health status for these
specific subgroups.

4.2

Strengths

This thesis project has some strengths. The first part of this project provides a
model-based prediction method for HUI3 values in health administrative datasets,
which is an important step towards establishing relationships between observed and
predicted HUI3 values from other datasets containing both types of information. To
my knowledge, this is the first study that has attempted to predict HUI3 values using
the two-part beta mixture model.

The second part studies the association between patients’ health status and change in
physician remuneration model. An alternative analysis was also conducted to ensure
the use of imputed HUI3 values was reasonable, and the results demonstrated the
reliability of the associations between change in physician remuneration on patients’
predicted HUI3. To my knowledge, this is the first study that assesses the impact of
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primary care reform from patients’ point of view, and is also the first study that uses
patients’ HUI3 values.

4.3

Limitations

This thesis project also has some limitations. In the first part of this thesis, only
non-negative HUI3 values are used when constructing prediction models due to the
constraint on the boundary values of the beta distribution. In addition, Statistics
Canada recommends the use of bootstrap weights for survey data, but the “betamix”
program is not supported by “svy” with balanced repeated replication variance estimation. As a consequence, only survey weights were applied. Another concern is that
not every decision was made by a rule of thumb; for instance, when calculating the
calibration slopes and intercepts for multiple parts in the second component of beta
mixture model, I had to decide the point of separation solely based on the scatter
plot. I also had to choose an optimal cut-off probability for the logistic model so
that the proportion of one in predicted HUI3 values is as close as that in observed
HUI3 values, since the ROC curve only gives an approximate range of optimal cut-off
points. As a consequence, some of the results may be imprecise and data-driven, and
may not be generalizable to other studies.

In the second part of this thesis, linear model was used because of its relative adequacy and easy interpretation of the results; however, the data did not follow a
perfect normal distribution. Also, the predicted HUI3 at the individual level is not
perfectly accurate. Moreover, it is difficult to incorporate the uncertainty of predicted
values into regression models, and hence only point estimates of predicted HUI3 values are used. In addition, the categorical confounding variables are dichotomized
before taking first difference to avoid too many levels in the first difference estimator.
This dichotomization certainly simplifies the analysis and provides more interpretable
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results, but may also lead to loss of information.

4.4

Conclusions and Future Research Directions

In conclusion, the two-part beta mixture model has the best performance of perdition as compared to linear model, the Tobit model, and the single-part beta mixture
model based on the common selection criteria: AIC, BIC, and empirical density of
fitted values. The model can also predict with reasonable accuracy certain intervals
of observed HUI3 data. By studying the relationship between the change in physician
remuneration and the predicted HUI3 data from the two-part beta mixture model, I
concluded that patients’ physicians who switched from the traditional FFS model to
blended models are associated with higher patient health status and gains in QALYs.

Given the fact that only a few datasets contain preference-based measure to construct
HRQOL, future studies requiring this type of information may use the model-based
prediction of HUI3 proposed in this study. Future studies need to find a solution to
account for the prediction uncertainty if they wish to use predicted values for further
analysis.

In the second part of this project, only linear model was used for estimation. Future
studies could investigate other models that can better account for the distributional
features of the data. Moreover, the analyses mainly focused on general population
when studying the association between change in physician remuneration and patients’ HUI3 data. In future studies, investigators may want to consider potential
subgroups like specific chronic conditions such as diabetes patients or those having
cardiovascular diseases.
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This project adds to the body of literature on the assessment of the impact of change
in physician remuneration on patients’ overall health status, and contributes to the
important public health conversations on the role of primary care reform in Ontario.
The findings should inform policy makers that the introduction of primary care reform
is associated with improved patients’ health status.
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Appendix A
PREDICTIVE MODELS FOR THE HEALTH UTILITY
INDEX MARK 3 (HUI3) IN ONTARIO
A.1

The selection of study population

Table A.1: Comparison of included and excluded samples
CCHS 2000-02
Household Income

Age (%)
11 to 19 (ref )
20 to 24
25 to 29
30 to 34
35 to 39
40 to 44
45 to 49
50 to 54
55 to 59
60 to 64
65 to 69
70 to 74
75 to 79
80 and over
Sex (%)
Female (ref )
Male
Income Quintile (%)
1st (ref )
2nd
3rd
4th
5th
Household Income (%)
< $10,000 (ref )
$10,000 to $19,999
$20,000 to $29,999

CCHS 2009-10
ADG

Household Income

Complete

Missing

Complete

Missing

Complete

Missing

12.64
5.15
6.52
8.21
10.35
9.86
8.87
7.76
6.17
5.59
5.37
5.10
4.28
4.14

19.76
7.71
3.53
3.93
5.03
4.70
5.40
5.99
6.36
7.49
7.79
7.64
7.27
7.38

12.22
5.27
6.04
7.65
9.97
9.25
8.40
7.66
6.34
5.90
5.98
5.66
4.92
4.74

17.93
5.76
7.39
8.82
9.61
10.25
9.40
7.37
5.45
5.06
3.68
3.69
2.71
2.88

10.76
4.97
5.86
6.35
7.41
7.14
6.39
7.65
8.89
8.90
7.38
6.22
5.39
6.69

19.90
9.78
5.24
3.24
3.60
3.63
3.69
4.57
5.68
8.43
7.26
6.87
6.69
11.14

53.52
40.68

59.85
40.15

56.58
43.43

42.28
57.72

55.06
44.94

61.81
38.19

20.02
20.08
20.29
20.21
19.39

18.69
20.43
22.01
19.54
19.32

19.70
20.17
20.47
20.19
19.46

20.87
19.84
20.26
20.00
19.03

18.73
20.10
20.18
20.88
20.12

16.52
20.61
21.75
19.99
21.13

-

-

3.45
12.01
11.77

3.93
10.86
10.36

-

-
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$30,000 to $39,999
$40,000 to $49,999
$50,000 to $59,999
> $60,000
Highest Education (%)
< secondary school (ref )
Secondary school
Some post-secondary
Post-secondary degree
Physical Activity Index (%)
inactive (ref )
Active
Moderate active
Type of smoker (%)
Non-smoker (ref )
Daily smoker
Occasional (former daily)
Always occa. smoker
Non-smoker (former daily)
Non-smoker (former occa.)
Type of drinker (%)
Never drank (ref )
Regular drinker
Occasional drinker
Rurality (%)
Yes (rural) (ref )
No (urban)
ADG (%)
1 (ref )
0
2
3
4
5
6
7
8
9
10
11
12
13
14

-

-

11.38
10.26
9.84
41.28

10.88
9.65
10.53
43.80

-

-

30.73
19.45
7.19
42.62

41.98
20.51
7.70
29.81

31.44
19.50
7.24
41.82

32.69
19.74
7.21
40.36

22.46
16.74
6.79
54.01

30.85
22.52
7.32
39.32

50.81
25.88
24.54

50.95
22.29
23.17

24.43
24.32
51.26

26.27
24.95
48.78

27.88
25.13
46.98

29.90
23.37
46.73

34.77
22.29
2.44
1.63
23.90
14.97

41.66
18.63
1.88
1.70
22.21
13.91

35.11
21.29
2.40
1.59
24.62
14.99

36.39
25.26
2.35
1.85
19.74
14.40

40.46
14.88
2.66
1.33
25.47
15.20

48.75
12.61
2.03
1.98
20.57
14.06

9.92
56.48
33.60

13.75
47.74
38.51

9.77
55.32
34.91

12.42
57.79
29.79

23.61
59.19
17.20

30.72
50.81
18.47

77.36
22.64

74.38
25.63

77.13
22.87

77.04
22.96

80.58
19.42

81.26
18.74

13.48
6.08
14.87
13.03
10.70
7.93
5.58
3.84
2.52
1.60
1.04
0.68
0.34
0.21
18.09

12.82
5.33
14.70
12.42
11.35
8.41
6.61
4.22
3.12
1.40
1.29
0.96
0.37
0.29
16.72

-

-

10.90
15.86
16.86
15.09
12.50
9.21
6.80
4.58
3.04
1.99
1.36
0.83
0.47
0.23
0.28

10.98
15.16
16.55
14.58
12.36
9.17
7.26
4.49
3.33
2.41
1.64
0.78
0.64
0.36
0.30
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CCHS Cycle 1.1 (2000 - 2001);
n = 32704
Exclusion criterion:
Patients with negative HUI3 values.
(553 observations deleted)
Patients who had HUI3
values between 0 and 1;
n = 32151

Patients who had complete socioecomonic data;
n = 29261

Exclusion criteria:
Patients with missing area-level income quintile, household income, and education level.
(2890 observations deleted)

Exclusion criterion:
Patients with missing physical activity index.
(1307 observations deleted)
Patients who had complete
data in physicial activity index;
n = 27954
Exclusion criterion:
Patients with missing types of smoker.
(10 observations deleted)
Patients who had complete
data in types of smoker;
n = 27944
Exclusion criterion:
Patients with missing types of drinker.
(14 observations deleted)
Patients who had complete
data in types of drinker;
n = 27930
Exclusion criterion:
Patients with missing ADGs.
(4978 observations deleted)
Patients who had complete data in ADGs;
n = 22952
Figure A.1: Selection of study population: CCHS 2000-2001
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CCHS Cycle 2009 - 2010;
n = 29574
Exclusion criterion:
Patients with negative HUI3 values.
(751 observations deleted)
Patients who had HUI3
values between 0 and 1;
n = 28823

Patients who had complete socioecomonic data;
n = 25211

Exclusion criteria:
Patients with missing age, income quintile,
household income, and education level.
(3612 observations deleted)

Exclusion criterion:
Patients with missing physical activity index.
(365 observations deleted)
Patients who had complete
data in physicial activity index;
n = 24846
Exclusion criterion:
Patients with missing types of smoker.
(26 observations deleted)
Patients who had complete
data in types of smoker;
n = 24820
Exclusion criterion:
Patients with missing types of drinker.
(30 observations deleted)
Patients who had complete
data in types of drinker;
n = 24790
Figure A.2: Selection of study population: CCHS 2009-2010

Regression tables

Age
11 to 19 (ref )
20 to 24
25 to 29
30 to 34
35 to 39
40 to 44
45 to 49
50 to 54
55 to 59
60 to 64
65 to 69
70 to 74
75 to 79
80 and over
Sex
Female (ref )
Male
Income Quintile
1st (ref )
2nd
3rd
4th
5th
Household Income
< $10,000 (ref )
$10,000 to $19,999
$20,000 to $29,999
$30,000 to $39,999
$40,000 to $49,999
$50,000 to $59,999
> $60,000
Highest Education
< secondary school (ref )
Secondary school
Some post-secondary
Post-secondary degree
Physical Activity Index
inactive (ref )
Active
Moderate active
Type of smoker
Non-smoker (ref )
Daily smoker
Occasional (former daily)

Predictors

(-.010, .002)
(-.007,
(-.004,
*(.003,
*(.001,
(-.028, .024)
**(.024, .073)
**(.040, .089)
**(.043, .091)
**(.049, .096)
**(.061, .105)
**(.031, .055)
**(.022, .050)
**(.034, .058)
**(.017, .032)
*(.017, .031)
**(-.055, -.035)
*(-.040, -.001)

-.004
.005
.007
.013
.011
-.002
.048
.064
.067
.073
.083
.043
.036
.046
.024
.024
-.045
-.020

.016)
.017)
.023)
.021)

(-.024, .008)
(-.028, .006)
(-.027, .003)
**(-.033, -.005)
**(-.046, -.018)
**(-.066, -.035)
**(-.072, -.040)
**(-.065, -.035)
**(-.081, -.042)
**(-.062, -.027)
**(-.063, -.022)
**(-.106, -.059)
**(-.153, -.101)

95% C.I.

-.008
-.011
-.012
-.019
-.032
-.050
-.056
-.049
-.062
-.044
-.042
-.082
-.127

β

Linear Model

-.059
-.019

.038
.033

.049
.032
.048

-.005
.051
.071
.070
.080
.095

.005
.007
.018
.015

.001

.004
-.002
-.004
-.018
-.043
-.080
-.097
-.089
-.104
-.088
-.085
-.122
-.167

β

**(-.072, -.046)
(-.048, .010)

**(.028, .049)
**(.023, .042)

**(.034, .064)
**(.014, .049)
**(.034, .061)

(-.035, .026)
**(.022, .081)
**(.042, .100)
**(.041, .099)
**(.051, .109)
**(.068, .122)

(-.010, .019)
(-.007, .020)
**(.004, .031)
*(.001, .029)

(-.007, .010)

(-.020, .028)
(-.026, .022)
(-.026, .018)
(-.037, .002)
**(-.063, .023)
**(-.100, -.060)
**(-.118, .077)
**(-.109, -.068)
**(-.128, -.081)
**(-.109, -.068)
**(-.108, -.061)
**(-.148, -.095)
**(-.195, -.138)

95% C.I.

Tobit Model

-.137
-.097

.020
.041

.128
.096
.184

-.090
.043
.012
.068
-.007
.044

.030
.062
-.020
.040

-.081

.027
.031
-.016
.009
.130
.209
.269
.326
.319
.249
.330
.206
.071

β

.072)
.195)
.160)
.219)
.147)
.187)

.097)
.126)
.044)
.102)

**(-.196, -.078)
(-.228, .034)

(-.032, .061)
(-.007, .088)

**(.060, .196)
*(.006, .186)
**(.121, .247)

(-.252,
(-.110,
(-.138,
(-.084,
(-.161,
(-.099,

(-.036,
(-.003,
(-.085,
(-.023,

**(-.122, -.041)

(-.107, .161)
(-.082, .143)
(-.121, .089)
(-.103, .120)
*(.022, .238)
**(.102, 316)
**(.161, 377)
**(.220, .433)
**(.213, .426)
**(.129, .368)
**(.218, .441)
**(.070, .342)
(-.090, .232)

1st Cpnt.
95% C.I.

-.359
-.269

.149
.181

.232
.305
.316

-.006
.214
.291
.382
.437
.055

.040
.100
.111
.072

-.072

-.040
-.093
-.067
-.138
-.160
-.183
-.120
-.053
-.199
.044
-.006
-.199
-.360

.153)
.141)
.207)
.168)

**(-.454, -.263)
*(-.482, -.056)

**(.070, .229)
**(.105, .257)

**(.125, .340)
**(.178, .431)
**(.219, .413)

(-.197, .184)
*(.022, .406)
**(.087, .495)
**(.197, .567)
**(.258, .617)
**(.387, .716)

(-.073,
(-.052,
*(.015,
(-.024,

*(-.137, -.007)

(-.227, .146)
(-.277, .091)
(-.246, .111)
(-.291, .015)
*(-.304, -.016)
*(-.332, -.034)
(-.269, .030)
(-.204, .098)
(-.402, .003)
(-.104, .193)
(-.178, .166)
*(-.385, -.012)
**(-.531, -.190)

Beta Mixture Model
2nd Cpnt.
β
95% C.I.

-.323
.074

.377
.245

.185
-.170
.015

-.212
.026
.159
.053
.178
.256

-.027
-.032
.116
.093

.177

.163)
.397)
.517)
.411)
.536)
.591)

.151)
.145)
.287)
.267)

**(-.472, -.175)
(-.221, .369)

**(.259, .496)
**(.123, .368)

*(.009, .361)
(-.389, .050)
(-.150, .180)

(-.587,
(-.345,
(-.199,
(-.305,
(-.180,
(-.078,

(-.206,
(-.209,
(-.055,
(-.082,

**(.074, .280)

*(.007, .497)
(-.003, .464)
(-.021, .436)
(-.133, .295)
*(-.443, -.003)
**(-1.103, -.615)
**(-1.830, -1.175)
**(-1.784, -1.181)
**(-2.136, -1.417)
**(-2.452, -1.791)
**(-2.500, -1.635)
**(-2.313, -1.516)
**(-2.692, -1.755)

Prob. Mass at 1
95% C.I.

.252
.231
.208
.081
-.223
-.859
-1.502
-1.483
-1.776
-2.121
-2.067
-1.914
-2.224

β

Table A.2: Regression results of linear, the Tobit and single-part beta mixture model for CCHS Cycle 1.1 (2000-2001),
full prediction model

A.2
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*(-.047, -.003)
(-.016, .001)
*(-.017, -.000)
(-.011, .016)
**(-.028, -.001)
(-.008, .005)
(-.001, .018)
(-.015, .002)
**(-.024, -.006)
**(-.038, -.017)
**(-.058, -.030)
**(-.073, -.042)
**(-.112, -.069)
**(-.119, -.068)
**(-.147, -.083)
**(-.202, -.109)
**(-.157, -.068)
**(-.264, -.120)
**(-.265, -.064)
**(-.222, -.032)
**(.811, .862)

-.025
-.007
-.008
.003
-.015
-.001
.008
-.006
-.015
-.028
-.044
-.058
-.091
-.094
-.115
-.156
-.112
-.192
-.165
-.127
.837

.010
-.014
-.023
-.038
-.055
-.074
-.105
-.113
-.136
-.176
-.136
-.217
-.183
-.153
.893

-.003

1.95e-07
-.022

-.037
-.013
-.015

(-.006, .026)
*(-.027, -.002)
**(-.036, -.010)
**(-.053, -.024)
**(-.074, -.038)
**(-.094, -.056)
**(-.131, -.078)
**(-.142, -.084)
**(-.172, -.100)
**(-.227, -.124)
**(-.183 , -.090)
**(-.291, -.143)
**(-.289, -.078)
**(-.245, -.062)
**(.860, .925)

(-.012, .005)

(-.018, .018)
*(-.039, -.004)

*(-.067, -.007)
*(-.024, -.002)
*(-.026, -.003)

.024
.014
-.032
.049
-.029
-.064
-.058
-.097
-.181
-.498
-.191
-.519
-.668
.122
2.560

-.032

-.028
-.006

-.047
-.021
-.034

*(-.053, .102)
(-.049, .077)
(-.099, .034)
(-.020, .119)
(-.104, .048)
(-.167, .040)
(-.180, .065)
(-.231, .038)
*(-.334, -.028)
*(-.924, -.072)
(-.427, .044)
**(-.888, -.151)
**(-1.017, -.320)
(-.636, .881)
**(2.378, 2.742)

(-.054, .026)

(-.111, .056)
(-.091, .079)

(-.260, .165)
(-.073, .032)
(-.093, .025)

.124
-.032
-.112
-.238
-.411
-.403
-.681
-.595
-.641
-.780
-.680
-.930
-1.498
-.644
.533

-.010

.128
.003

-.005
-.086
-.040

*(.006, .242)
(-.138, .074)
**(-.215, -.008)
**(-.349, -.126)
**(-.556, -.265)
**(-.552, -.254)
**(-.852, -.509)
**(-.798, -.393)
**(-.872, -.411)
**(-1.044, -.516)
**(-.983, -.376)
**(-1.411, -.449)
**(-2.400, -.596)
**(-.976, -.313)
**(.029, .770)

(-.080, .059)

(-.007, .262)
(-.131, .137)

(-.230, .219)
(-.170, -.002)
(-.127, .047)

Statistically significant results: * = p<0.05; ** = p<0.01.
Mixing probabilities: component 1 (0.642); component 2 (0.358).
Abbreviations: Cpnt. = component. Prob. = probability. Ref = reference group. Occa. = occasional.

Always occa. smoker
Non-smoker (former daily)
Non-smoker (former occa.)
Type of drinker
Never drank (ref )
Regular drinker
Occasional drinker
Rurality
Yes (rural) (ref )
No (urban)
ADG
1 (ref )
0
2
3
4
5
6
7
8
9
10
11
12
13
14
Constant
-.009
-.197
-.133
-.191
-.203
-.419
-.243
-.723
-.589
-.506
-1.339
-1.463
-.652
-1.238
-.593

-.051

-.127
-.267

-.332
-.111
-.193

(-.209, .190)
*(-.353, -.041)
(-.300, .034)
*(-.371, -.011)
*(-.405, -.001)
*(-.661, -.178)
(-.559, .074)
*(-1.116, -.329)
*(-1.127, -.050)
(-1.159, .148)
*(-2.123, -.554)
*(-2.925, -.001)
(-1.677, .373)
(-2.906, .431)
**(-.990, -.195)

(-.157, .056)

(-.330, .076)
(-.465, -.068)

(-.684, .019)
(-.262, .040)
(-.339, -.047)
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(-.003, .016)
(-.016, .002)
**(-.023, -.005)
**(-.039, -.018)
**(-.062, -.033)
**(-.080, -.048)
**(-.120, -.074)
**(-.126, -.074)
**(-.158, -.089)
**(-.218, -.124)
**(-.173, -.077)
**(-.276, -.126)
**(-.282, -.073)
**(-.241, -.058)
**(.877, .902)

.006 (.005)
-.007 (.004)
-.014 (.005)
-.028 (.005)
-.047 (.007)
-.064 (.008)
-.097 (.012)
-.100 (.013)
-.123 (.018)
-.171 (.024)
-.125 (.025)
-.201 (.038)
-.178 (.053)
-.149 (.047)
.890 (.006)

.029)
.037)
.049)
.053)

(-.001, .013)

**(.006,
**(.016,
**(.029,
**(.032,

.006 (.003)

(.005)
(.005)
(.005)
(.005)

(-.004, .008)

.002 (.003)

.017
.027
.039
.042

*(.002, .286)
*(.003, .030)
*(.003, .027)
(-.004, .017)
(-.019, .004)
**(-.041, -.015)
**(-.048, -.020)
**(-.046, -.017)
**(-.070, -.033)
**(-.057, -.026)
**(-.061, -.024)
**(-.110, -.064)
**(-.175, -.124)

95% C.I.

Linear Model

.015 (.007)
.017 (.007)
.015 (.006)
.007 (.005)
.008 (.006)
.028 (.007)
-.034 (.007)
.031 (.007)
-.052 (.010)
-.041 (.008)
-.043 (.010)
-.087 (.012)
-.150 (.013)

β

(.008)
(.007)
(.007)
(.007)

.009 (.008)
-.015 (.007)
-.021 (.007)
-.039 (.008)
-.060 (.010)
-.082 (.010)
-.113 (.014)
-.122 (.015)
-.145 (.020)
-.193 (.027)
-.151 (.026)
-.228 (.039)
-.199 (.056)
-.180 (.044)
.951 (.009)

.005 (.005)

.020
.030
.049
.053

.009 (.004)

.034)
.044)
.062)
.067)

(-.008, .025)
*(-.028, -.002)
**(-.035, -.008)
**(-.053, -.024)
**(-.078, -.041)
**(-.102, -.062)
**(-.140, -.085)
**(-.152, -.093)
**(-.183, -.106)
**(-.246, -.141)
**(-.201, -.100)
**(-.305, -.151)
**(-.310, -.089)
**(-.267, -.094)
**(.933, .969)

(-.004, .014)

**(.005,
**(.016,
**(.035,
**(.040,

*(.000, .017)

*(.001, .044)
*(.001, .043)
*(.001, .039)
(-.013, .020)
**(-.040, -.006)
**(-.080, -.045)
**(-.099, -.062)
**(-.096, -.059)
**(-.123, -.079)
**(-.112, -.075)
**(-.115, -.071)
**(-.161, -.110)
**(-.228, -.173)

95% C.I.

Tobit Model

.023 (.011)
.022 (.011)
.020 (.010)
.004 (.008)
-.023 (.009)
-.063 (.009)
-.080 (.009)
-.078 (.009)
-.101 (.011)
-.093 (.009)
-.093 (.011)
-.136 (.013)
-.200 (.014)

β

Mixing probabilities: component 1 (0.642); component 2 (0.358).

Age
11 to 19 (ref )
20 to 24
25 to 29
30 to 34
35 to 39
40 to 44
45 to 49
50 to 54
55 to 59
60 to 64
65 to 69
70 to 74
75 to 79
80 and over
Sex
Female (ref )
Male
Income Quintile
1st (ref )
2nd
3rd
4th
5th
Rurality
Yes (rural) (ref )
No (urban)
ADG
1 (ref )
0
2
3
4
5
6
7
8
9
10
11
12
13
14
Constant

Predictors
(.065)
(.052)
(.049)
(.050)
(.047)
(.048)
(.046)
(.046)
(.049)
(.054)
(.053)
(.064)
(.082)

(.034)
(.033)
(.033)
(.032)

.033 (.041)
.020 (.032)
-.009 (.034)
.062 (.037)
-.021 (.039)
-.039 (.050)
-.068 (.062)
-.046 (.073)
-.166 (.079)
-.410 (.193)
-.154 (.119)
-.542 (.205)
-5.782 (.217)
.094 (.430)
2.545 (.051)

.011 (.020)

.037
.077
.001
.079

.104)
.142)
.067)
.141)

(-.048, .113)
(-.042, .082)
(-.076, .057)
(-.010, .134)
(-.097, .055)
(-.137, .059)
(-.190, .055)
(-.188, .096)
*(-.321, -.010)
*(-.788, -.033)
(-.388, .080)
**(-.944, -.139)
**(-6.207, -5.357)
(-.749, .936)
**(2.446, 2.644)

(-.029, .050)

(-.030,
*(.011,
(-.065,
*(.017,

**(-.127, -.047)

(-.032, .222)
**(.055, .259)
*(.011, .204)
*(.024, .218)
**(.137, .321)
**(.215, .403)
**(.269, .451)
**(.337, .517)
**(.307, .499)
**(.203, .416)
**(.286, .492)
**(.147, .399)
(-.058, .264)

1st Cpnt.
95% C.I.

-.087 (.020)

.095
.157
.107
.121
.229
.309
.360
.427
.403
.310
.389
.273
.103

β

(.059)
(.049)
(.048)
(.047)

.095 (.060)
-.028 (.054)
-.119 (.053)
-.258 (.057)
-.445 (.079)
-.465 (.076)
-.753 (.093)
-.620 (.094)
-.782 (.126)
-.881 (.126)
-.815 (.155)
-1.038 (.262)
.090 (.164)
-.700 (.171)
.822 (.071)

.063 (.035)

.140
.212
.327
.344

-.019 (.032)

.153 (.087)
.083 (.090)
.092 (.078)
.039 (.065)
-.028 (.066)
-.048 (.066)
.023 (.068)
.060 (.065)
-.176 (.096)
.073 (.069)
.004 (.078)
-.215 (.086)
-.476 (.079)

(-.023, .214)
(-.134, .078)
*(-.223, -.016)
**(-.370, -.146)
**(-.600, -.289)
**(-.615, -.346)
**(-.934, -.571)
**(-.803, -.437)
**(-1.028, -.535)
**(-1.128, -.645)
**(-1.119, -.511)
**(-1.552, -.524)
(-.232, .412)
**(-1.036, -.364)
**(.682, .962)

(-.005, .131)

*(.024, .256)
**(.116, .309)
**(.233, .421)
**(.252, .436)

(-.082, .044)

(-.016, .323)
(-.093, .259)
(-.092, .062)
(-.088, .088)
(-.157, .100)
(-.177, .082)
(-.109, .156)
(-.066, .186)
(-.363, .011)
(-.062, .208)
(-.148, .156)
*(-.384, -.047)
**(-.632, -.321)

Beta Mixture Model
2nd Cpnt.
β
95% C.I.

(.289)
(.287)
(.284)
(.085)

-.002 (.101)
-.194 (.080)
-.132 (.085)
-.190 (.091)
-.222 (.103)
-.445 (.122)
-.276 (.164)
-.754 (.198)
.606 (.268)
.563 (.329)
.404 (.396)
.510 (.732)
.771 (.529)
.420 (.877)
-.508 (.107)

-.030 (.053)

.031
.059
.227
.224

.207 (.051)

(-.200, .195)
*(.351, .037)
(-.299, .035)
*(-.370, -.011)
*(-.423, -.021)
**(-.684, -.206)
(-.598, .046)
**(-1.143, -.366)
*(-1.132, -.080)
(-1.208, .082)
**(-2.180, -.627)
*(-2.946, -.075)
(-1.807, .265)
(-3.139, .299)
*(-.718, -.298)

(-.134, .074)

(-.144, .206)
(-.112, .230)
**(.062, .392)
**(.057, .391)

**(.106, .307)

(-.075, .337)
(-.080, .302)
(-.094, .212)
(-.217, .118)
**(.511, -.167)
**(-1.189, -.773)
**(-1.918, -1.316)
**(-1.890, -1.326)
**(-2.259, -1.588)
**(-2.582, -1.972)
**(-2.656, -1.826)
**(-2.516, -1.756)
**(-2.976, -2.072)

Prob. Mass at 1
95% C.I.

.131 (.105)
.111 (.097)
.089 (.093)
-.049 (.085)
-.339 (.087)
-.981 (.106)
-1.617 (.154)
-1.608 (.144)
-1.924 (.171)
-2.277 (.156)
-2.241 (.212)
-2.136 (.194)
-2.524 (.231)

β

Table A.3: Regression results of linear, the Tobit and single-part beta mixture model for CCHS Cycle 1.1 (2000-2001),
reduced prediction model
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Age
11 to 19 (ref )
20 to 24
25 to 29
30 to 34
35 to 39
40 to 44
45 to 49
50 to 54
55 to 59
60 to 64
65 to 69
70 to 74
75 to 79
80 and over
Sex
Female (ref )
Male
Income Quintile
1st (ref )
2nd
3rd
4th
5th
Household Income
< $10,000 (ref )
$10,000 to $19,999
$20,000 to $29,999
$30,000 to $39,999
$40,000 to $49,999
$50,000 to $59,999
> $60,000
Highest Education
< secondary school (ref )
Secondary school
Some post-secondary
Post-secondary degree
Physical Activity Index
inactive (ref )
Active
Moderate active
Type of smoker
Non-smoker (ref )
Daily smoker
Occasional (former daily)
Always occa. smoker
Non-smoker (former daily)
Non-smoker (former occa.)
Type of drinker
Never drank (ref )

Predictors

(-.006, .009)
*(.002,
(-.003,
(-.007,
*(.006,
(-.010, .085)
**(.020, .114)
**(.047, .140)
**(.060, .152)
**(.071, .163)
**(.086, .176)
*(7.64e-05, .029)
(-2.46e-04, .033)
**(.011, .036)
**(.041, .058)
**( .026, .043)
**(-.071, -.042)
**(-.054, -.017)
*(-.056, -.006)
**(-.041, -.022)
**(-.024, -.004)
-

.002
.015
.010
.006
.018
.037
.067
.093
.106
.117
.131
.014
.017
.023
.049
.035
-.057
-.036
-.031
-.032
-.014
-

.027)
.023)
.018)
.030)

(-.017, .026)
(-.011, .027)
*(.002, .035)
(-.007, .026)
(-.018, .018)
(-.046, -.006)
(-.035, .002)
**(-.056, -.019)
**(-.043, -.007)
(-.034, .004)
(-.058, -.015)
(-.038, .005)
**(-.117, -.070)

95% C.I.

Linear Model

.005
.008
.019
.009
.000
-.026
-.016
-.037
-.025
-.015
-.037
-.017
-.094

β

-

-.072
-.056
-.042
-.045
-.022

.069
.041

.013
.020
.025

.038
.069
.100
.110
.128
.146

.021
.015
.013
.025

.005

-

**(-.090, -.054)
**(-.081, -.031)
*(-.078, -.005)
**(-.058, -.033)
**(-.036, -.009)

**(.057, .080)
**(.030, .052)

(-.004, .031)
(-.002, .042)
**(.010, .040)

(-.018, .094)
*(.014, .125)
**(.045, .156)
**(.056, .165)
** (.074, .183)
**(.093, .200)

(.005, .037)
(-.001, .031)
(-.003, .029)
**(.010, .041)

(-.005, .014)

(-.015, .046)
(-.008, .046)
**(.010, .057)
(-.007, .040)
(-.025, .025)
**(-.072, -.020)
**(-.070, -.023)
**(-.096, -.050)
**(-.084, -.040)
**(-.073, -.028)
**(-.094, -.044)
**(-.074, -.022)
**(-.153, -.100)

95% C.I.

Tobit Model

.015
.019
.033
.017
8.06e-5
-.046
-.047
-.073
-.062
-.050
-.069
-.048
-.127

β

-

-.124
-.149
-.030
-.084
-.092

.091
.089

.070
.099
.114

.195
.206
.300
.282
.218
.385

.060
-.011
-.045
.006

-.117

.092
.037
.107
.046
.195
.267
.328
.369
.354
.422
.369
.339
.126

β

.137)
.069)
.034)
.087)

-

(-.196, -.053)
(-.305, .007)
(-.166, .106)
**(-.144, -.025)
**(-.161, -.023)

**(.038, .144)
(**.035, .144)

(-.015, .156)
(-.018, .216)
**(.034, .193)

(-.057, .447)
(-.052, .464)
**(.054, .545)
**(.042, .522)
(-.021, .457)
**(.155, .616)

(-.017,
(-.090,
(-.125,
(-.075,

**(-.163, -.070)

(-.039, .223)
(-.101, .175)
(-.017, .232)
(-.087, .179)
*(.046, .344)
**(.135, .399)
**(.202, .454)
**(.247, .491)
**(.231, .477)
**(.289, .555)
**(.240, .497)
**(.188, .491)
(-.075, .327)

1st Cpnt.
95% C.I.

-

-.429
-.126
-.246
-.202
.003

.367
.277

.020
.026
.105

.077
.278
.384
.475
.534
.687

.045
.012
-.003
.096

-.023

-.016
-.017
.215
.122
.078
-.077
.069
-.011
.110
.204
.048
.147
-.077
.259)
.193)
.389)
.292)
.265)
.111)
.239)
.144)
.271)
.368)
.217)
.318)
.094)

.154)
.131)
.111)
.210)

-

(-.556, -.301)
(-.287, .035)
(-.520, .027)
*(-.294, -.109)
(-.099, .104)

(.271, .463)
(.195, .358)

(-.106, .146)
(-.120, .172)
*(.001, .208)

(-.153, .307)
**(.045, .512)
**(.154, .614)
**(.247, .702)
**(.297, .771)
**(.468, .906)

(-.064,
(-.108,
(-.116,
(-.018,

(-.095, .049)

(-.292,
(-.228,
*(.042,
(-.049,
(-.109,
(-.264,
(-.100,
(-.165,
(-.051,
*(.041,
(-.121,
(-.025,
(-.248,

Beta Mixture Model
2nd Cpnt.
95% C.I.

β

-

-.358
-.577
-.220
-.414
-.236

.465
.173

.047
.202
.151

-.208
-.064
.128
-.007
.282
.322

.193
.165
.274
.215

.094

.478)
.605)
.794)
.656)
.943)
.963)

-

**(-.553, -.162)
**(-.925, -.229)
(-.627, .186)
**(-.578, -.250)
**(-.407, -.065)

**(.329, .601)
(.026, .320)

(-.177, .271)
(-.068, .472)
(-.056, .359)

(-.894,
(-.732,
(-.539,
(-.670,
(-.378,
(-.318,

(-.001, .386)
(-.028, .358)
**(.085, .462)
*(.026, .405)

(-.025, .212)

(-.073, .474)
(-.044, .523)
*(.005, .537)
(-.123, .409)
(-.302, .247)
**(-.853, -.268)
**(-1.420, -.723)
**(-1.763, -1.070)
**(-1.912, -1.243)
**(-1.980, -1.342)
**(-1.903, -1.135)
**(-1.799, -1.026)
**(-2.210, -1.430)

Prob. Mass at 1
95% C.I.

.200
.240
.271
.143
-.028
-.561
-1.072
-1.417
-1.578
-1.661
-1.519
-1.413
-1.820

β

Table A.4: Regression results of linear, the Tobit and single-part beta mixture model for CCHS 2009-2010, full
prediction model
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*(.002, .023)
(-.024, .001)
(-.004, .013)
(-.004, .015)
*(-.020, -.001)
*(-.022, -.001)
**(-.052, -.023)
**(-.069, -.034)
**(-.081, -.041)
**(-.087, -.040)
**(-.089, -.040)
**(-.134, -.066)
**(-.157, -.077)
**(-.226, -.085)
**(-.175, -.028)
**(-.444, -.218)
**(-.233, -.044)
**(.714, .806)

.012
-.012
.005
.006
-.010
-.012
-.038
-.052
-.061
-.064
-.065
-.100
-.117
-.155
-.102
-.331
-.139
.760

.005
-.013
-.020
-.050
-.064
-.075
-.078
-.077
-.120
-.131
-.169
-.120
-.352
-.143
.803

.002

.012
-.018

(-.010, .020)
(-.028, .001)
**(-.035, -.005)
**(-.069, -.031)
**(-.086, -.042)
**(-.099, -.051)
**(-.107, -.049)
**(-.106, -.047)
**(-.158, -.082)
**(-.181, -.082)
**(-.246, -.093)
**(-.195, -.045)
**(-.464, -.240)
**(-.248, -.038)
**(.748, .858)

(-.009, .014)

(-.002, .025)
*(-.034, -.003)

Mixing probabilities: component 1 (0.642); component 2 (0.358).

Regular drinker
Occasional drinker
Rurality
Yes (rural) (ref )
No (urban)
ADG
1 (ref )
0
2
3
4
5
6
7
8
9
10
11
12
13
14
Constant
.007
-.008
-.005
-.047
-.072
-.033
-.049
-.098
-.058
-.101
-.335
-.084
-3.402
-.041
2.295

-.016

.019
-.065

(-.081, .095)
(-.080, .063)
(-.089, .079)
(-.126, .032)
(-.164, .021)
(-.135, .070)
(-.167, .068)
(-.265, .069)
(-.271, .155)
(-.449, .246)
(-1.112, .442)
(-.768, .600)
**(-3.575, -3.229)
(-.503, .421)
**(2.027, 2.564)

(-.065, .033)

(-.045, .084)
(-.143, .014)

.061
-.160
-.086
-.347
-.482
-.518
-.513
-.552
-.603
-.696
-.937
-.567
-.157
-.883
.280

.105

.134
-.052

(-.065, .187)
**(-.268,-.051)
(-.199, .027)
** (-.485, -.208)
**(-.648, -.315)
**(-.690, -.346)
**(-.685, -.341)
**(-.726, -.378)
**(-.785, -.420)
**(-.945, -.447)
**(-1.414, -.460)
**(-.984, -.150)
(-.664, .350)
**(-1.264, -.503)
*(.034, .298)

*(.019, .192)

**(.042, .227)
(-.156, .052)

-.045
-.027
-.209
-.255
-.255
-.349
-.337
-.191
-.664
-.275
-.376
-1.693
-7782.668
.292
-.887

-.086

-.098
-.246

(-.238, .147)
(-.209, .155)
*(-.409, -.009)
*(-.466, -.044)
*(-.495, -.015)
*(-.635, -.062)
(-.703, .030)
(-.588, .205)
*(-1.268, -.061)
(-1.072, .523)
(-1.100, .349)
**(-2.841, -.546)
(-1.026, 1.610)
**(-1.546, -.229)

(-.218, .047)

(-.269, .073)
*(-.442, -.050)
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(-.012, .026)
*(.001, .030)
**(.012, .036)
*(.002, .026)
(-.013, .016)
**(-.044, -.010)
* (-.032, -.004)
**(-.059, -.026)
**(-.050, -.020)
**(-.047, -.016)
**(-.080, -.042)
**(-.060, -.023 )
**(-.150, -.106)
(-.001, .014)
**(.019,
**(.021,
**(.023,
**(.044,
(-.002, .017)
(-.015, .004)
**(-.028, -.007)
**(-.030, -.008)
**(-.062, -.032)
** (-.082, -.046)
(**-.096, -.054)
**(-.103, -.055)
**(-.111, -.060)
**(-.150, -.082)
**(-.185, -.101)
**(-.257, -.120)
**(-.212, -.071)
**(-.509, -.245)
**(-.263, -.077)
**(.868, .901)

.007
.016
.024
.014
.002
-.027
-.018
-.043
-.035
-.031
-.061
-.041
-.128

.006

.032
.034
.036
.056

.007

-.005
-.018
-.019
-.047
-.064
-.075
-.079
086
-.116
-.143
-.188
-.142
-.377
-.170
.885

.045)
.047)
.049)
.068)

95% C.I.

β

-.004
-.020
-.026
-.058
-.077
-.090
-.094
-.099
-.137
-.161
-.207
-.166
-.404
-.179
.942

.006

.042
.043
.050
.071

.010

.012
.020
.032
.015
-.008
-.057
-.058
-.090
-.084
-.080
-.109
-.088
-.178

β

.058)
.060)
.067)
.086)

(-.019, .012)
*(-.036, -.004)
**(-.043, -.010)
**(-.079, -.038)
**(-.100, -.053)
**(-.115, -.064)
**(-.124, -.064)
**(-.130, -.068)
**(-.176, -.098)
**(-.214, -.108)
**(-.281, -.134)
**(-.236, -.096)
**(-.537, -.271)
**(-.282, -.076)
**(.919, .965)

(-.006, .018)

**(.025,
**(.027,
**(.034,
**(.056,

*(4.46e-04, .020)

(-.016, .040)
(-.004, .043)
**(.011, .052)
(-.005, .034)
(-.029, .014)
**(-.080, -.034)
**(-.078, -.038)
**(-.110, -.069)
**(-.103, -.064)
**(-.099, -.061)
**(-.132, -.086)
**(-.110, -.065)
**(-.203, -.153)

95% C.I.

Tobit Model

-.007
-.004
.020
-.040
-.086
-.048
-.056
-.150
-.047
-.127
-.482
-.048
-3.494
-.130
2.606

-.002

.070
.034
.008
.079

-.097

.127
.105
.168
.104
.252
.302
.376
.393
.382
.392
.337
.261
.040

β

Mixing probabilities: component 1 (0.642); component 2 (0.358).

Predictors
Age
11 to 19 (ref )
20 to 24
25 to 29
30 to 34
35 to 39
40 to 44
45 to 49
50 to 54
55 to 59
60 to 64
65 to 69
70 to 74
75 to 79
80 and over
Sex
Female (ref )
Male
Income Quintile
1st (ref )
2nd
3rd
4th
5th
Rurality
Yes (rural) (ref )
No (urban)
ADG
1 (ref )
0
2
3
4
5
6
7
8
9
10
11
12
13
14
Constant

Linear Model

(-.095, .082)
(-.076, .068)
(-.063, .103)
(-.120, .039)
(-.179, .008)
(-.147, .052)
(-.175, .063)
(-.321, .020)
(-.259, .164)
(-.385, .132)
(-1.229, .265)
(-.579, .482)
**(-3.712, -3.275)
(-.580, .320)
**(2.485, 2.726)

(-.052, .047)

(-.008, .148)
(-.046, .114)
(-.068, .084)
(.002, .156)

**(-.142, -.051)

*(.004, .250)
(-.017, .228)
**(.056, .280)
(-.011, .219)
**(.122, .382)
**(.190, .414)
**(.264, .488)
**(.289, .497)
**(.278, .485)
**(.278, .506)
**(.224, .449)
**(.124, .399)
(-.154, .234)

1st Cpnt.
95% C.I.

.084
-.172
-.118
-.410
-.538
-.621
-.602
-.684
-.657
-.824
-1.092
-.690
-.287
-.977
.788

.134

.192
.182
.265
.404

.026

-.023
-2.21e-04
.176
.116
.019
-.118
.031
-.102
-.018
.085
-.128
.001
-.295

.301)
.303)
.372)
.512)

(-.034, .201)
**(-.282, -.063)
(-.237, .001)
**(-.557, -.263)
**(-.701, -.375)
**(-.806, -.437)
**(-.777, -.427)
**(-.894, -.474)
**(-.837, -.477)
**(-1.052, -.596)
**(-1.514, -.671)
**(-1.035, -.345)
(-.805, .232)
(-1.344, -.610)
**(.628, .948)

(.035, .234)

**(.083,
**(.061,
**(.158,
**(.295,

(-.046, .099)

(-.259, .213)
(-.191, .191)
*(.039, .313)
(-.026, .258)
(-.132, .169)
(-.273, .036)
(-.111, .173)
(-.242, .038)
(-.156, .121)
(-.047, .217)
(-.275, .019)
(-.139, .140)
**(-.448, -.143)

Beta Mixture Model
2nd Cpnt.
β
95% C.I.

-.060
-.048
-.209
-.278
-.288
-.387
-.382
-.276
-.740
-.432
-.497
-1.853
-19.621
.152
-.595

-.050

.270
.275
.405
.387

.097

.462)
.464)
.588)
.573)

(-.252, .133)
(-.228, .133)
*(-.405, -.014)
**(-.486, -.071)
*(-.525, -.051)
**(-.665, -.109)
*(-.750, -.014)
(-.677, .126)
*(-1.331, -.148)
(-1.263, .399)
(-1.227, .233)
**(-2.978, -.727)
**(-20.063, -19.178)
(-1.133, 1.437)
**(-.834, -.356)

(-.181, .082)

**(.078,
**(.085,
**(.222,
**(.200,

(-.019, .213)

(-.121, .323)
(-.102, .337)
(-.091, .320)
(-.202, .185)
(-.407, .019)
(-.978, -.496)
**(-1.566, -.938)
**(-1.930, -1.313)
**(-2.089, -1.509)
**(-2.220, -1.672)
**(-2.202, -1.491)
**(-2.091, -1.397)
**(-2.578, -1.857)

Prob. Mass at 1
95% C.I.

.101
.118
.114
-.009
-.194
-.737 **
-1.252
-1.622
-1.799
-1.946
-1.846
-1.744
-2.218

β

Table A.5: Regression results of linear, Tobit and beta mixture model for CCHS 2009-2010, reduced prediction model
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Appendix B
THE ASSOCIATION BETWEEN PRIMARY CARE
PHYSICIAN REMUNERATION AND
HEALTH-RELATED QUALITY OF LIFE
B.1

Selection of study population

141

Health administrative data (2000 - 2001);
n = 9,328,487

Health administrative data
(2000 - 2001) with physicians
practising under FFS model;
n = 9,058,275

Balanced population;
n = 7,333,215

Patients who had complete data
in income quintile in both years.
n = 7,299,230

Patients who had complete data in predicted
HUI3 values in both years.
n = 7,287,951

Exclusion criterion:
Physicians practicing under other models
(270212 observations delected)

Merge

Health administrative data (2009 - 2010);
n = 11,194,753

Exclusion criterion:
Patients whose IKN numbers are not
mathced from two years.
(5,586,598 observations deleted)

Exclusion criterion:
Patients with missing income quintile
in either 2000-2001 or 2009-2010.
(33,985 observations deleted)

Exclusion criterion:
Patients with missing predicted HUI3
values in either 2000-2001 or 20092010.
(11,297 observations deleted)

Figure B.1: Selection of study population for health administrative data
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General Use Datasets - Facilities
See list
General Use Datasets - Other
CAPE

2000-2001
2009-2010

See list
Controlled Use Datasets
CCHS

Cycle 1.1 (2000 - 2001) and CCHS New
Derived Income Variables 2000-2001
2009 - 2010

See list
Other Datasets

Project Amendments and Reconciliation
ICES Project PIA Amendment
History:

N/A

DCP Amendment History:

N/A

Date Programs/DCP reconciled

The person(s) creating the dataset and/or analyzing the data are responsible for ensuring that the final DCP
reflects the final program(s) when the project is completed

yyyy-mon-dd

Study Design and Project Time Frame Definitions
Study Design

☒ Cohort study

☐ Matched cohort study

☒ Cross-sectional study

☐ Other (specify):

Project Timeline
Accrual Window

☐ Case-control study

Max Follow-up Date

Observation Window
(in which to look for outcomes)
Index Event Date

Look-back Window

Accrual Start/End Dates

April 1st, 2000 to March 31st, 2001;
April 1st, 2009 to March 31st, 2010;

Max Follow-up Date

April 1st, 2000 to March 31st, 2001;
April 1st, 2009 to March 31st, 2010;
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Dataset Creation Plan
Study Design and Project Time Frame Definitions
When does observation window April 1st, 2000 to March 31st, 2001;
terminate?
April 1st, 2009 to March 31st, 2010;
Lookback Window(s)

N/A

Cohort Build
Note: Include a cohort build table in appendices.

Index Event / Inclusion Criteria Patient cohort:
1. All of the Ontario respondents of Canadian Community Health Survey (CCHS) in
2001 and 2009-2010
2. Non-institutionalized respondents
3. Respondents who give consent to link their data
Estimated Size of Cohort
(if known)
Exclusions (in order)
Step
Description
1

Data cleaning:
a)
b)
c)
d)

Missing or invalid IKN
Missing age
Missing sex
Non-Ontario residents

2
3
4
5
6

Concept Definitions (add additional rows as needed)
Note: Include concept definition details in appendices.

Main Exposure or Risk Factor

The proposed study includes two parts:
- Construct a bias-corrected predictive model for HUI3 values
- Determine the association between physician payment model and HUI3
values
In the first part:
Risk factors include:
- Patient age from RPDB
- Patient sex from RPDB
- Health regions from CCHS
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Dataset Creation Plan
Concept Definitions (add additional rows as needed)
-

Total household income from all sources derived from CCHS
Highest education level of respondents (4 levels) derived from CCHS
Comorbidity using John Hopkins Adjusted Clinical Groups (ACG)
methodology
- Frequency of all physical activity derived from CCHS
- Physical activity index derived from CCHS
- Type of smoker derived from CCHS
- Type of drinker derived from CCHS
- Whether having a regular medical doctor from CCHS
*note: see the Appendix: Code A for more detailed information on variable names in
CCHS
In the second part:
Main exposure is:
- Primary care physician payment methods from PROGTYPE (CAPE) and ICES
Algorithm (Virtual Roster)
Other risk factors include:
- Patient age from RPDB
- Patient sex from RPDB
- Comorbidity using John Hopkins Adjusted Clinical Groups (ACG)
methodology
Physician Characteristics:
- Age from BDATE (IPDB)
- Sex (IPDB)
- International medical graduation status from IMG (IPDB)
- Canadian medical graduate status from CMG (IPDB)
- Primary care model from PROGTYPE (CAPE)
- Years since graduation from IPDB
- Physician's Practice Location (LHIN))
*note: see the Appendix A: Codes for more detailed information on variable names in
CCHS
Primary Outcome Definition
Health Utility Index Mark 3 (HUI3) from CCHS
Secondary Outcome Definition(s) N/A
Baseline Characteristics

In the first part:
- Patient age from RPDB
- Patient sex from RPDB
- Total household income from all sources derived from CCHS
- Highest education level of respondents (4 levels) derived from CCHS
In the second part:
- Patient age from RPDB
- Patient sex from RPDB
- Comorbidity using John Hopkins Adjusted Clinical Groups (ACG)
methodology
Physician Characteristics:
- Age from BDATE (IPDB)
- Sex (IPDB)
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Dataset Creation Plan
Concept Definitions (add additional rows as needed)
Other Concepts (if applicable)

International medical graduation status from IMG (IPDB)
Canadian medical graduate status from CMG (IPDB)
Primary care model from PROGTYPE (CAPE)
Years since graduation from IPDB
Physician's Practice Location (LHIN))

Weightening Variables:
- Sampling weights from CCHS
- Bootstrap weight files from CCHS
Other variables used in sub-group analyses include:
- Income quintile from Census
- Resource utilization band from ACG
- Rurality Index of Ontario from RPDB
- Immigration status from CCHS
- Cultural or racial origin derived from CCHS
- Employment status from CCHS
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Dataset Creation Plan
Analysis Plan and Dummy Tables
(Below is a guide – please MODIFY/EXPAND as appropriate)
Step 0: Cohort Codes
***STOP FOR REVIEW***
Step 1: Cohort Build
I.

Apply inclusion criteria.
April 1st, 2000 to March 31st, 2001;
April 1st, 2009 to March 31st, 2010;
a. Create a sample with all of the Ontario respondents of Canadian Community Health Survey (CCHS) in 20002001 and 2009-2010 fiscal years (i.e. from April 1st to March 31st).
b. Include non-institutionalized respondents.
c. Include respondents who give consent to link their data
d. Include respondents whose HUI3 values are observed, and are between 0 and 1

1.2 Apply each exclusion in order and track number excluded at each step.
a) Complete exclusion flow table (Appendix B, Table 1)
***STOP FOR REVIEW***
Step 2: Define Baselines, Exposures, and Outcomes
I.
II.

Define baseline characteristics: details provided in Appendix B1, table 2a and 2b
Define outcome concepts: the outcome of the proposed study is the Health Utility Index Mark 3 (HUI3) values.
***STOP FOR REVIEW***

Step 3: Descriptive Analyses
Part 1:
I.
Generate a baseline table of all patients and physician characteristics for CCHS data. Details are provided in
Appendix B1, table 2a
II.
Generate a baseline table of all patient and physician characteristics for health administrative data. Details are
provided in Appendix B1, table 2b.
III.
Subgroup analysis: Generate baseline tables of all all patient and physician characteristics for both CCHS data and
health administrative data by income, rurality, etc. Details are provided in Appendix B1, table 3a, 3b, 4a, 4b, 5a, 5b,
6a, 6b, 7a, 7b, 8a, 8b, 9a, 9b.
Part 2:
I.
Generate a baseline table for all physicians enrolled in each payment model. Details are provided in Appendix B2,
table 0.
II.
Subgroup analysis: Generate baseline tables for all physicians enrolled in each payment model by income, rurality,
etc. Details are provided in Appendix B2, table 1a-1f.
***STOP FOR REVIEW***
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Dataset Creation Plan
Analysis Plan and Dummy Tables
(Below is a guide – please MODIFY/EXPAND as appropriate)
Step 4: Primary Outcome
I.

II.

III.

Construct predictive models for HUI3 values
a. Construct predictive models using simple linear regression model, tobit model and beta mixture model
(Stata user-written program betamix).
b. Determine the most appropriate model through selection criteria and validation analysis
Construct bias-corrected predictive model for HUI3 values
a. Determine the size of the omitted variable bias (OVB).
b. Correct the OVB for the original predictive model we choose from the last step
c. Validate the bias-corrected predictive model and use it as a scoring system for HUI3 values
d. Impute HUI3 values for Ontario residents
(*Details Details are provided in Appendix B1, table 10-11.)
Study the association between physician payment model and HUI3 values
a. Fit a beta mixture model or a preferred model based on previous analysis to both the CCHS data and
health administrative data
b. Comparing the two sets of parameter estimates and see the performance of the predictive model we
construct
c. Do the analysis by stratification variables sex, age group and health regions.
(*Details Details are provided in Appendix B2, table 2a, 2b, 3a-3d.)

Step 5: Secondary Outcome(s)

Step 6: Sensitivity/ Additional Analysis Under Consideration, if applicable
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Dataset Creation Plan
Quality Assurance Activities
RAE Directory of SAS Programs
RAE Directory of Final Dataset(s)

The final analytic dataset for each cohort includes all the data required to create the baseline tables and
run all the models. It should include all covariates for all models such as patient risk factors, hospital
characteristics, physician characteristics, exposure measures (continuous, categorical) and outcomes. It
should include covariates that were considered but didn’t make the final cut. This would permit an analyst
to easily re-run the models in the future.

RAE README file available:
☐Yes ☐No
Date results of quality assurance tools for final dataset shared with project team (where applicable):
%assign
yyyy-mon-dd
%evolution
yyyy-mon-dd
%dinexplore
yyyy-mon-dd
%track / %exclude
yyyy-mon-dd
%codebook
yyyy-mon-dd
Additional comments:
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YUE NIU
QUALIFICATION HIGHLIGHTS
·
·
·
·

Advanced technical skills: SAS, STATA, R, ArcGIS, Python, Microsoft Office
Professional certification: SAS Certified Programmer for SAS 9.0
Statistics Knowledge: longitudinal data analysis, time series analysis, survival analysis
Transferable skills: strong verbal and written communication, self-initiated, detail-oriented, multi-tasking,
analysis and synthesis

EDUCATION AND TRAINING
Department of Epidemiology and Biostatistics, Western University
M.Sc. in Biostatistics (thesis based)
Overall grade: A
Faculty of Arts and Sciences, University of Toronto
B.Sc. in Applied Statistics with High Distinction
Overall GPA: 3.62/4.00

Sept. 2017 - Oct. 2019

Sept. 2013 - June. 2017

PROFESSIONAL EXPERIENCE
Graduate Research Assistant
Department of Epidemiology and Biostatistics, Western University

Sept. 2017 - Present
London, ON

· Conducted robust analyses on prediction models and statistical inference for health-related quality of life
(HRQOL) using Stata.
· Acquired advanced research skills by studying whether the introduction of primary care reform is associated
with improved health status of patients.
· Effectively communicated research findings through manuscript writing, conference presentations, and
pitches to non-technical audiences.
Statistician
Terrence Donnelly Centre for Cellular & Biomolecular Research

Sept. 2016 - Apr. 2017
Toronto, ON

· Performed analysis of genetic data generated from defined pre-disease cohort to develop predictive models
of cancer prognosis.
· Applied advanced machine learning algorithms, including random forest, k-means, Gibbs sampling, Metropolis–Hastings, to reconstruct evolutionary histories of tumour cells using R.
· Worked closely with oncologists to guide virtual patients’ treatment plans based on improved prediction
accuracy.
Data Analyst
Division of Engineering Science, University of Toronto

Sept. 2015 - Mar. 2016
Toronto, ON

· Demonstrated professional ability and motivation by acting as the sole statistician and analysis lead and
being responsible for all aspects and stages of data analysis using SAS.
· Developed strong synthesis skills by creating analytic reports and presenting main findings to non-technical
colleagues.
· Assisted the department in improving the curriculum design and successfully increased positive feedback
by 30%.
HONORS AND AWARDS
· The London Health Research Day 2019: Recipient of award for the best poster in Populations,
Public Health, and Education.
· The Faculty of Arts and Science at the University of Toronto: Undergraduate Dean’s List Scholar
from 2013 to 2017.

